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Abstract 

 

Although lungs were long considered as sterile, the presence and importance of 

microbes inhabiting the lungs are now widely recognized. Using the 15th generation (“G15”) of 

a mouse advanced intercross line (AIL) population, we performed QTL mapping in an effort 

to identify host genes that influence lung microbes and may play a role in lung functioning and 

disease susceptibility. The lung microbiota of the G15 mouse population was examined through 

bacterial 16S rRNA gene amplicon sequencing, whereby Lactobacillus was identified as the 

most abundant genus. High-precision droplet digital PCR (ddPCR) was adapted in order to 

refine the dataset, remove contaminants, and quantify the absolute load of the candidate genera 

Lactobacillus and Pelomonas. The association between host genetic loci and bacterial traits was 

determined using a QTL linkage mapping approach on the relative abundances of the core 

microbiota as well as the absolute load data of the two candidate genera. This analysis yielded 

candidate host genes associated with various lung diseases. For example, two candidate genes, 

Il-10 and Mk2, were detected from mapping Lactobacillus load and were especially interesting 

as both are involved in regulating inflammatory responses. As such, these genes are known to 

be involved in lung diseases such as lung cancer, cystic fibrosis, and allergic airway 

inflammation. To test for potential interaction and feedback between these genes and 

Lactobacillus, their gene expression levels were measured using ddPCR, which revealed a 

significant negative correlation between Lactobacillus load and Mk2 expression. A follow-up 

study was performed with Il-10 knockout (KO) mice, but the initial results revealed no 

significant differences in lung microbiota composition according to Il-10 genotype. Finally, a 

candidate gene analysis was performed in wild type versus B4galnt2 knock out mice, as this 

blood group related gene was previously shown to influence the gut microbiota, and is also 

predicted to be expressed in the lung. This analysis also failed to detect an influence of host 

genotype. Through this in-depth study of the murine lung microbiota, we generated novel 

working hypotheses for the impact of candidate bacteria and disease genes on host 

inflammatory responses in the lung, which will be explored in future work. 
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Zusammenfassung 

 

Obwohl die Lunge lange Zeit als steril angesehen wurde, sind das Vorhandensein und 

die Bedeutung von Mikroben, die die Lunge besiedeln, heute allgemein anerkannt. Unter 

Verwendung der 15. Generation ("G15") einer Mauspopulation einer fortgeschrittenen 

Kreuzungslinie (AIL) führten wir eine QTL-Kartierung durch, um Wirtsgene zu identifizieren, 

die die Lungenmikroben beeinflussen und möglicherweise eine Rolle bei der Lungenfunktion 

und Krankheitsanfälligkeit spielen. Die Lungenmikrobiota der G15-Mauspopulation wurde 

mittels bakterieller 16S rRNA-Gen-Amplikon-Sequenzierung untersucht, wobei Lactobacillus 

als die an der häufigsten vorkommenden Gattung identifiziert wurde. Hochpräzise digitale 

Tröpfchen-PCR (ddPCR) wurde angepasst, um den Datensatz zu verfeinern, 

Verunreinigungen zu entfernen und die absoluten Mengen der Kandidatengattungen 

Lactobacillus und Pelomonas zu quantifizieren. Die Assoziation zwischen genetischen 

Wirtsloci und bakteriellen Merkmalen wurde mithilfe eines QTL-Linkage-Mapping-Ansatzes 

auf den relativen Häufigkeiten der Kernmikrobiota sowie den absoluten Mengen-Daten der 

beiden Kandidatengattungen bestimmt. Diese Analyse ergab Kandidaten-Wirtsgene, die mit 

verschiedenen Lungenkrankheiten assoziiert sind. Zum Beispiel wurden zwei Kandidatengene, 

Il-10 und Mk2, bei der Kartierung der Lactobacillus-Menge entdeckt und waren besonders 

interessant, da beide an der Regulierung von Entzündungsreaktionen beteiligt sind. Von diesen 

Genen ist bekannt, dass sie an Lungenerkrankungen wie Lungenkrebs, zystischer Fibrose und 

allergischer Atemwegsentzündung beteiligt sind. Um eine mögliche Interaktion und 

Rückkopplung zwischen diesen Genen und Lactobacillus zu testen, wurden ihre 

Genexpressionslevel mittels ddPCR gemessen, was eine signifikante negative Korrelation 

zwischen der Lactobacillus-Menge und der Mk2-Expression ergab. Eine Folgestudie wurde mit 

Il-10-Knockout (KO)-Mäusen durchgeführt, aber die ersten Ergebnisse zeigten keine 

signifikanten Unterschiede in der Zusammensetzung der Lungenmikrobiota bezüglich des Il-

10-Genotyps. Schließlich wurde eine Kandidatengen-Analyse in Wildtyp- und B4galnt2-KO-

Mäusen durchgeführt, da dieses blutgruppenverwandte Gen zuvor gezeigt wurde, dass es die 

Darm-Mikrobiota beeinflusst und auch in der Lunge exprimiert werden sollte. Auch bei dieser 

Analyse konnte kein Einfluss des Wirtsgenotyps festgestellt werden. Durch diese eingehende 

Studie des Lungenmikrobioms von Mäusen haben wir neue Hypothesen für den Einfluss von 
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Bakterienkandidaten und Krankheitsgenen auf die Entzündungsreaktionen des Wirts in der 

Lunge generiert, die in zukünftigen Arbeiten untersucht werden sollen. 
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General Introduction 

 

Microbiota & microbiome 

 Mammals carry diverse communities of microorganisms on barrier organs such as the 

skin, gut, oral cavity, vagina, as well as lungs. This group or community of microorganisms is 

called microbiota, and together with their genetic material, it is known as the microbiome. 

Microbiota vary among different body sites and also between individuals, but it is important to 

maintain homeostasis within each community (Bolnick et al., 2014; Larsson et al., 2012; Rakoff-

Nahoum et al., 2004; Reikvam et al., 2011). Studies on gut microbiota often highlight the 

importance of a balance in microbial community structure, since the loss of homeostasis or a 

bloom of certain taxa is associated with various diseases such as colitis and cancer (Liu et al., 

2016; Zackular et al., 2013). As community compositions are distinct, each site can often be 

characterized by particular microbes and their abundances. For example, human gut 

microbiota studies are mostly based on fecal samples, which revealed high abundances of 

Bacteroidetes and Firmicutes at the phylum level, and Faecalibacterium, Bacteroides, Prevotella, 

Ruminococcus, Bifidobacterium, and Roseburia at the genus level (Arumugam et al., 2011; T. L. 

A. Nguyen et al., 2015; Vandeputte et al., 2017). On the other hand, the mouse gut is shown to 

be mainly inhabited by Bacteroidetes and Firmicutes at the phylum level and Lactobacillus, 

Bacteroides, Alistipes, Clostridium, and Helicobacter at the genus level (Benson et al., 2010; 

Linnenbrink et al., 2013). Gut microbiota have been shown to play critical roles for the host 

such as defense and immunity (Stecher et al., 2010), aging (Ottaviani et al., 2011), drug 

metabolism (Suwal et al., 2018; Zimmermann et al., 2019), and inflammation/tumorigenesis 

(Mendes et al., 2019; Zackular et al., 2013). 

 

Microbiota & the host 

 Variation in microbial communities is affected by many factors such as the 

environment, diet, and genetics. For gut microbiota, diet (Rodríguez et al., 2015; Schnorr et al. 

2014; Smits et al. 2017; Snijders et al. 2016; Wu et al. 2011), intake of antibiotics (Dethlefsen, 

Huse, Sogin, & Relman, 2008; Maurice, Haiser, & Turnbaugh, 2013), probiotics (Suwal et al. 

2018), mode of delivery (Jakobsson et al., 2014; Salminen, Gibson, McCartney, & Isolauri, 

2004), and lifestyle (Farré et al. 2018; Obregon-Tito et al. 2015) can affect the community 
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composition. Among these different factors, the association between microbiota and host 

genetics (Blekhman et al., 2015) is the primary interest of our study. Benson et al. (2010) used 

the 4th generation of a mouse intercross population in order to identify the host-microbiota 

relationship, where the mixed effects model inferred a high fraction of variation that can be 

explained by genetic factors, while smaller fractions were explained by cohort, family, and litter. 

Their quantitative trait loci (QTL) analysis revealed several QTL in association with taxa 

belonging to the core microbiota of the gut, such as Helicobacter and Lactobacillus. Host 

genetics also plays a role in microbiota and diet, as the changes in the microbial community in 

the gut can contribute to obesity and metabolic traits (Org et al., 2015). It is important to note 

that host genetics is associated with microbiota of other body sites as well, such as the skin 

(Belheouane et al., 2017; Blekhman et al., 2015).  

 

Microbiota & host co-evolution 

 As microorganisms play various crucial roles within the host, they have and had several 

ways to influence host evolution. Several studies have provided evidence of co-evolution 

between gut microbiota and hosts, as the microbiota diversified dietary niches and shaped host 

phenotypic plasticity (Alberdi et al., 2016; Groussin et al., 2017; Moran et al., 2019).  

 A good example of the effect of gut microbiota on the host’s niche expansion is the 

koala, which harbor microbiota including bacteria that are able to digest Eucalyptus. Without 

the bacteria, the consumption and digestion of the plant would be otherwise difficult only with 

the host’s enzymes (Moeller & Sanders, 2020). Humans also have benefited from gut 

microbiota, particularly with the consumption of milk and digesting or fermenting lactose with 

lactose-fermenting microorganisms such as Bifidobacterium. While lactase, an enzyme to 

digest lactose, is produced until the weaning phase in mammals, prolonged consumption until- 

and throughout adulthood in humans has led to an adaptive evolution of persistent lactase 

production through several mutations in the LCT gene (Gerbault et al., 2011). Variation at this 

gene was found to be strongly associated with Bifidobacterium abundance, which may suggest 

a role of the bacteria in contributing to a shift in prolonged milk consumption as a source of 

energy for human adults (Goodrich et al., 2016). 

While it has been previously shown that host genetics play a role in shaping microbiota 

(Campbell et al., 2012; Org et al., 2015; Snijders et al., 2016), a shift in microbial composition 

can provide the host with adaptive plasticity. The gut microbiota of mice exposed to cold 
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temperature showed a shift in microbial composition, and when mice at room temperature 

were inoculated with the shifted microbiota, their physiology changed to adapt to colder 

temperature (Chevalier et al., 2015). Such studies provide evidence suggesting that microbiota 

and its composition could serve as a means by which the host can evolve adaptive plasticity.  

 

Studying the lung microbiota 

While the lungs of diseased individuals were long known to carry microorganisms, 

healthy lungs were considered sterile until recently (Charlson et al., 2011). With increased 

interests in the human microbiome and acknowledging its importance to health and fitness, 

the Human Microbiome Project was launched in 2007, which included the upper respiratory 

tract, such as mouth and esophagus, as well as the skin, stomach, colon, and vagina (Turnbaugh 

et al., 2007). The importance and impact of the microbiome was noted in various aspects such 

as host immune responses, physiology, and metabolism, but as noticeable, lungs or the lower 

respiratory tract were not included (Turnbaugh et al., 2007).  

Previously, the lung microbiome was analyzed with sputum samples or even 

bronchoalveolar lavage fluids (BALF) using culture-based methods. BALF samples are 

collected as a bronchoscope enters through either the mouth or nose in order to “flush” the 

lungs and collect back the fluid. This method has been clinically excellent, but can be 

challenging for microbiome analysis due to the chance of contamination from the oral or nasal 

cavity. This method was applied to mice but, there were difficulties and challenges in 

comparing the microbial community based on BALF and lung tissue simultaneously, as the 

tissue already has been “flushed” and thus shows lower diversity and richness as well as fewer 

number of OTUs compared to BALF (Barfod et al., 2013).  

Sputum sampling is another method, but also carries a potential for contamination as 

it travels through the trachea and mouth upon sample collection. Cultivation using sputum or 

BALF samples also has limitations, as it may provide biased information based on limited or 

specific bacteria that are able to grow in the given media. Otherwise this requires strain- or 

species-specific media and is overall very time-consuming. To date, sputum is still collected 

and used for human lung microbiome studies because it is a non-invasive method for patients 

and has proven differences in microbial composition between lung cancer patients and controls 

(Hosgood III et al., 2014). Another study was able to identify potential biomarkers for lung 

cancer through the metagenomic sequencing of sputum samples (Cameron et al., 2017). Due 



 

 

 18 

to anatomical connection, the microbial species found in the upper airways or oral cavity were 

detected in the lower respiratory tract (LRT) of humans, especially those with airway diseases 

such as cystic fibrosis (CF) (Huang & Lynch, 2011). This is most likely due to increased chances 

of micro-aspiration, which could also occur in healthy individuals, but in less frequency (Bassis 

et al., 2015). This is also referred to as “island biogeography theory” whereby bacterial species 

from the “mainland” (mouth) are continuously imported to and affect the “island” habitat 

(LRT or the lungs), which is most likely to exert selective advantage for specific taxa (Lomolino, 

2000; Whiteson et al., 2014). So even if there are transfers of microbes into the LRT from the 

upper airways, selective pressures in the LRT shape the composition and variability towards 

specific bacterial species (Dickson et al., 2013), which then allows the formation of distinct 

microbiota in the LRT. Also due to the nutrient-poor environment in the lungs (compared to 

e.g. the gut), stronger selection forces may act upon the pool of colonizing microorganisms, 

selecting those capable of surviving within limited environmental niches (Marsland & Salami, 

2015).  

With the advancement of technologies and a shift in methodologies from culture- to 

molecular-based, studies have proven the presence of distinct microbiota in the lungs of 

healthy humans and various mammals (Bassis et al., 2015; Beck et al., 2012; Charlson et al., 

2011; Yun et al., 2014). PCR and sequencing allow an in-depth exploration of microbial 

diversity with reduced bias. Although the composition varies among different studies and 

individuals, the major bacterial phyla in the human lungs include Proteobacteria, Firmicutes, 

and Bacteroidetes. Murine lung microbiota, which also varies among studies and individuals, 

are mainly composed of Firmicutes, Proteobacteria, Actinobacteria, and Bacteroidetes at 

phylum level (Barfod et al., 2013; Kostric et al., 2017; Yun et al., 2014). Additionally, it was 

reported that there is a low biomass in the lungs, indicating a smaller number of resident 

microbes (Charlson et al., 2011). Although the healthy lung microbiota maintains diversity, 

such low biomass leads to difficulty in sampling and analyzing due to an increased risk of 

contamination compared to samples with high biomass such as the gut. Various types of 

sequencing methods are applied with great resolution and sequencing depth in order to 

accurately capture the microbial community as well as different methods for effective 

sequence-based analysis.  

We are now informed of the variability in lung microbiota, but our understanding of 

the function and the role of lung microbiota in health and disease is yet poorly understood. 
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Similar to gut microbiota, disease and infection are likely to influence and disturb the lung 

microbial community (Heirali et al., 2017; Iwai et al., 2014; Rogers et al., 2005; Segal et al., 2016). 

It is unclear, however, whether the dysbiosis or changes in microbial composition is solely a 

bifactor of the disease or whether such changes induce or exacerbate the disease state by 

interacting with the host. Although microbiota on such a barrier organ is known to affect tissue 

homeostasis and defense, we are still on the path to understand the function of the lung 

microbiota.  

 

The impact of lung microbiota in diseases 

 As dysbiosis in the gut microbiota has displayed a link to health and disease, similar 

observations can be found in the lungs. Previous studies have examined microbial communities 

in the lungs of patients with lung diseases such as cystic fibrosis (CF), asthma, and chronic 

obstructive pulmonary disease (COPD). First, CF is one of the (well-known) lung diseases, 

which develops due to a mutation in the cystic fibrosis transmembrane conductance regulator 

gene, with symptoms including airway infection, mucus burden, impaired liver and pancreatic 

function, and more. Major pathogens found in CF patients include Pseudomonas aeruginosa, 

Burkholderia species, Staphylococcus aureus, Strenotrophomonas maltophilia, and 

Acrhmobacter xylosoxidans (LiPuma, 2010). However, the major cause of disease is still 

unknown. Whelan et al. (2017) examined and collected sputum samples of six CF patients over 

the course of up to one year in the context of three clinical stages, Treatment, Intermediate, 

and Stable. Although their longitudinal examination did not reveal the cause of the onset of CF 

exacerbations – acute worsening of symptoms – in these patients, they found significant 

differences in microbiota among different clinical stages. This reveals microbial compositional 

changes occurring in disease states. As the host’s immune system is modified in these disease 

states, physiological changes would occur.  

Another study by Coburn et al. (2015) examined lung bacterial community in relation 

to age and disease stages which revealed age-related diversity and structure change. Microbial 

diversity and lung function regressed with age as the age group of 10 years or younger showed 

the highest diversity. This study only examines the relationship between lung microbial 

structure and disease state in different age cohorts, but we are able to see the link between the 

diversity of microbiota and lung function, thus confirming the impact of lung microbiota on 

the host.  
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Another well-known lung disease, asthma, is also characterized by inflamed airway and 

intermittent wheezing. It has been proposed that the modern industrialized environment, 

antibiotic treatment, and excessive hygiene are potential causes of the disease (Noverr et al., 

2005). Teo et al. (2015) established the association between asthma and modified composition 

of airway microbiota through the examination of the nasopharyngeal (NP) microbiome in 

infants. Early colonization of NP by Streptococcus at approximately 2 months of age was 

associated with asthma development at later ages. They suggested the use of antibiotics at early 

age may affect the airway microbiome, leading to airway infection and asthma. Asthmatic 

airways were also shown to carry significantly higher load of Proteobacteria, Prevotella, and 

Haemophilus compared to healthy controls (Hilty et al., 2010), which is also in accordance with 

a previous study (Bisgaard et al., 2007).  

Lastly, COPD is one of the leading causes of death worldwide and is another type of 

lung disease characterized by breathing difficulties such as short breath and coughing with 

increased sputum. The major cause is smoking, although it does appear in people who never 

smoked, which may be partially due to environmental factors such as dust. Increasing evidence 

suggests that the lung microbiota plays a role in the progression and severity of COPD (Huang 

& Lynch, 2011; Huang et al., 2014). Sze et al. (2012) examined the lung tissue microbiome in 

four different groups – non-smokers, smokers without COPD, patients with severe COPD, and 

patients with CF – in order to detect and characterize differences in various conditions. They 

detected a significantly higher bacterial load in CF lungs, but the diversity was significantly 

lower than other three groups, non-smoker, smoker, and COPD. In the COPD group, a 

significantly higher abundance of Firmicutes was detected, which was mainly driven by 

Lactobacillus. Distinctive differences in the microbiome between healthy and diseased lungs 

are thus confirmed through numerous studies. The above findings were only made possible 

with culture-independent methods, since not all bacteria can be cultivated, which can only lead 

to biased results.  

 

Aims of the thesis 

In this thesis, I aimed to establish a generalized description of the murine lung microbial 

community and study the role that variation in host genetics plays upon the structure of the 

microbiota by pinpointing candidate genes using QTL mapping analysis. By pinpointing 

candidate genes within the identified genomic intervals, further hypotheses can be generated 
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regarding the evolutionary forces leading to host genetic-based variation for associated 

microbial traits. I proceed with the study with 4 chapters, each of which examines the lung 

microbiota in mouse models from different angles. First, I provide the overall description of 

the murine lung microbiota with sequence-based methods in an advanced intercross lines (AIL) 

taken to the 15th generation of intercrossing (i.e. “G15”) and examine the variation in the 

microbial community in relation to host genetics using QTL mapping. Second, I refined the 

microbial traits by examining them at the absolute abundance level using droplet digital PCR 

(ddPCR). Taking this data as a trait, QTL mapping was performed, which revealed two strong 

candidate genes. The identified host candidate genes were prioritized based on their relation to 

known chronic lung disease genes/pathways. Gene expression was assessed and analyzed using 

ddPCR in order to further examine the differential expression of candidate host genes as a 

possible mechanism mediating the association between genetic markers and microbial traits. 

Third, the initial results of a follow-up study on the interleukin-10 (Il10) gene are presented, 

which was performed based on the mapping results in order to examine the association 

between host genetics and the candidate genus Lactobacillus as well as microbial community 

structure. Lastly, I present the overview of the lung microbiota in mice according to host 

genotype at another candidate gene, the blood group-related gene B4galnt2.
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Introduction 

 

 Various communities of microbes inhabit barrier organs of mammals, including the 

skin, gut, vagina, as well as upper and lower airways. These communities of microbes present 

at given site are called “microbiota”, and can be taxonomically identified using the 16S rRNA 

gene as a phylogenetic marker. Not to be confused with microbiota, “microbiome” refers to 

these microbes along with the collection of their genome. Studying the microbiome of humans 

is increasingly important to understanding disease, behavior, physiology, immunity, and more, 

as exemplified by the launch of a Human Microbiome Project (HMP) (Turnbaugh et al., 2007). 

By the time HMP was first launched, lungs were still considered sterile or to carry microbes 

only in the context of disease (Hilty et al., 2010; Rogers et al., 2005). It is now however 

acknowledged that lungs carry a distinct microbiota even in the healthy state (Beck et al., 2012; 

Charlson et al., 2012; Charlson et al., 2011; Kostric et al., 2017; Segal et al., 2013). Similar to the 

gut or other tissue sites, the human lung microbiota also varies intra- and inter-individually, 

while remaining consistent in the presence of major host-associated taxa such as Firmicutes 

and Bacteroidetes at the phylum level, and Pseudomonas, Streptococcus, Prevotella, 

Fusobacteria, and Veillonella at the genus level (Bassis et al., 2015; Charlson et al., 2012; 

Charlson et al., 2011; Dickson et al., 2017; Erb-Downward et al., 2011). 

 The lung microbiota can be affected by various factors that affect its diversity and 

structure. Such alterations in community composition and/or diversity can lead to 

susceptibility to disease, infection, and even changes in lung tissue architecture (Boutin et al., 

2017; Coburn et al., 2015; Rogers et al., 2005; Roggenbuck et al., 2016; Yun et al., 2014). 

Environmental factors may include allergens (Noverr et al., 2005), air pollutants (Li et al., 2017), 

cigarette smoke (Erb-Downward et al., 2011), and lifestyle (Ege et al., 2011; Fujimura et al., 

2010; Heirali et al., 2017; Marra et al., 2009; Russell et al., 2013; Yu et al., 2016). Human subjects 

who smoke or have lung disease, i.e., chronic obstructive pulmonary disease (COPD), were 

found to have lower microbial diversity compared to healthy individuals (Erb-Downward et al., 

2011). As susceptibility to airway diseases is caused by both environmental and genetic factors, 

it is intriguing to note the crucial role of microbiota within the host (Igartua et al., 2017; M. Y. 

Lim et al., 2016; Ren et al., 2018). Indeed, lung microbiota can affect the susceptibility to-, or 

severity of lower respiratory tract infection (Dumas et al., 2018; Gollwitzer et al., 2014; Remot 
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et al., 2017; Teo et al., 2015), regulate inflammatory status/response (Segal et al., 2016), and 

may also serve as a biomarker for lung cancer (Hu et al., 2020). 

 Among different factors, the association between host genetics and the associated 

microbiota (Blekhman et al., 2015) was the primary question of my study. Benson et al. (2010) 

pioneered such studies through genetic mapping using a G4 intercross population of mice, 

where a mixed effects model inferred a high fraction of variation that can be explained by 

genetic factors, while smaller fractions were explained by cohort, family, and litter. Their 

quantitative trait loci (QTL) analysis also revealed several loci in association with core taxa of 

inhabiting the gut, such as Helicobacter and Lactobacillus (Benson et al., 2010). Host genetic 

factors also associate with microbiota together with diet, as changes in the microbial 

community in the gut can contribute to obesity and metabolic traits (Org et al., 2015). It is 

important to note that host genetics is associated with microbiota of other body sites such as 

skin as well, affecting diversity, composition, and intra- and inter-individually (Belheouane et 

al., 2017; Blekhman et al., 2015).  

 In this study, we aimed to establish the concept of a murine lung microbiota, by 

examining the role of host genetic variation in a G15 advanced intercross line (AIL), using 16S 

rRNA gene sequencing and QTL mapping approaches as previously developed using the same 

resource for the skin (Belheouane et al., 2017; Srinivas et al., 2013). The AIL was produced by 

intercrossing three laboratory mouse strains, MRL/MpJ, NZM2410/J, and BXD2/TyJ, and one 

wild-derived strain, CAST/EiJ, for 15 generations with equal sex and strain distributions 

(Jackson Laboratory (Maine, USA)). These mouse strains are known to be prone to various 

autoimmune disorders either in later age or spontaneously (early onset) (Andrews et al., 1978; 

Browman & Crabbe, 2000; Crabbe et al., 1994; Kanno et al., 1992; Rudofsky et al., 1993). Thus, 

mice with such backgrounds could allow us to examine microbial traits that are associated with 

loci possibly also linked to (lung) disease susceptibility. Accordingly, Belheouane et al. (2017) 

typed a total of 270 mice for 53,203 informative SNPs, thus creating a great marker density for 

use in QTL linkage mapping analysis and making it possible to pinpoint candidate genes that 

take part in shaping the composition and abundance of members of the lung microbiota. 

 16S rRNA gene sequencing enables the precise identification of bacteria or entire 

microbial communities present in a given sample. This has become a target for taxonomy and 

phylogenetic studies, as the gene contains both highly conserved regions that enable the design 

of “universal” primers as well as faster evolving “hypervariable” regions that can provide 
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taxonomic resolution (Doms et al., 2018). However, because PCR with universal primers will 

in theory amplify any genetic material present in a sample and the lung microbiota, while 

present, nonetheless clearly displays a low biomass, contamination in such studies can be an 

issue (Drengenes et al., 2019). In order to control for contaminants, our colleagues in Lübeck 

used serial dilutions of a mock community and performed 16S rRNA gene sequencing, which 

led them to observe an increased relative abundance of the putative contaminant genera 

Halomonas and Shewanella with increasing dilution factors (Künster et al., unpublished). 

Based on these results, we hypothesized that we will see a similar pattern of higher fraction of 

contaminants in samples with lower bacterial counts. Accordingly, we here adapted droplet 

digital PCR (ddPCR) in order to measure the bacterial load in each sample and examine its 

correlation with the relative abundance of contaminant taxa. ddPCR is a highly sensitive 

quantitative PCR method to detect target genes, which works by partitioning a sample into 

approximately 20,000 droplets, and can be especially suitable for those samples with low 

biomass. Details for ddPCR can be found in Chapter 2.  

 Overall, we defined the major members of murine lung microbiota in our G15 AIL 

mouse population and identified numerous genomic regions and genes associated with lung 

microbial abundances. Genes within the genomic regions were often related to various lung 

diseases, including non-small cell lung cancer (NSCLC). The identification of contaminants 

proved to be a critical step in analyzing the low bacterial biomass environment of the lung. 

 

Aims 

o Define the microbiota in the murine lung through identifying true residents. 

o Identify host-microbiota associations using a QTL linkage mapping approach on the 

relative abundances of core microbial traits. 

o Identify and characterize candidate genes within the QTL confidence intervals 

associated to lung disease and functioning. 
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Results 

 

Overall lung microbiota composition 

For our study, mice from the 15th generation of an AIL population (“G15”) were used 

(Belheouane et al. 2017). DNA and RNA were extracted from a total of 284 samples and 

subjected to 16S rRNA gene amplicon sequencing targeting V1-V2 region. RNA samples were 

reverse-transcribed, amplified, and sequenced in order to improve detection of true resident 

bacteria, as the lungs are known to carry low bacterial load and may be more greatly influenced 

by contaminant taxa at the level of DNA. From sequencing, we obtained 582,178 unique 

sequences after the dereplication process, which helps to identify unique or duplicate sequences 

to be grouped (which then enhance the analysis speed and efficiency). Samples were rarefied 

to an even sampling depth of 4,000, which resulted in the removal of one sample with 44 reads. 

The most abundant phyla include Firmicutes, Proteobacteria, Actinobacteria, and 

Bacteroidetes (Fig. 1A), in descending order. In comparison, negative extraction controls 

(NECs), which are blank controls included starting from the tissue extraction step, display a 

higher abundance of Proteobacteria and Actinobacteria compared to lung samples. The most 

abundant genera in the lungs are Lactobacillus, unclassified Lachnospiraceae, Halomonas, 

Pelomonas, unclassified Clostridiales, and Shewanella (Fig. 1B), with Lactobacillus being 

present in 97% of samples.  

Halomonas and Shewanella are considered to be common lab contaminants (Barfod et 

al., 2013; Roggenbuck et al., 2016; Weyrich et al., 2019) and are found at appreciable abundance 

throughout the dataset. Thus, it was necessary to formally assess whether these were 

contaminants or true lung residents. Based on our hypothesis of an increased fraction of 

contaminants as the true bacterial load decreases, we assessed the total bacterial load in each 

sample using droplet digital PCR (ddPCR) (details on the optimization and methods of ddPCR 

can be found in Chapter 2). First, Spearman correlation tests were performed between the total 

bacterial load and relative abundances of each of the above genera, whereby we found 

significantly negative correlations for both Halomonas and Shewanella (p < 0.05) (Fig. S1). In 

contrast, correlations between the total bacterial load and relative abundance of Lactobacillus, 

which is a common microbe in murine lungs (Barfod et al., 2013; Singh et al., 2017; Yun et al., 

2014) and the most abundant genus in our samples, was significantly positive (p < 0.001) (Fig. 

S1). 
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Next, we employed the “decontam” package, which is also based on our working 

hypothesis that an increased fraction of contaminants should appear as the true bacterial load 

decreases. Using the frequency method with threshold of 0.1 in R package applied to our 

ddPCR-derived load estimates, we identified operational taxonomic units (OTUs) belonging 

to Halomonas and Shewanella as contaminants. Thus, Halomonas and Shewanella were 

accordingly removed from the dataset, following previous studies that identified them as 

contaminants (Greathouse et al., 2018; Roggenbuck et al., 2016). After filtering, Lactobacillus, 

unclassified Lachnospiraceae, Flavobacterium, unclassified Clostridiales, and Pelomonas are the 

five most abundant taxa at the genus level (Fig. 1B). At the OTU level, Pelomonas_OTU4 is the 

most abundant OTU, followed by Flavobacterium_OTU8, Lactobacillus_OTU3, and 

Lactobacillus_OTU2, and Pseudomonas_OTU6. 

 

Comparison to skin microbiota 

As an additional means of verification, the lung microbiota of the AIL G15 mice was 

compared to the skin microbiota of the very same animal. This enables the examination of 

differences between the two distinct tissue sites, but also serves as a means to confirm and 

differentiate lung microbiota from the skin, which also has a low bacterial load. For this step 

the sample size was reduced to 252 in order to obtain the overlap in data between the two tissue 

sites. In contrast to the lung, the skin microbiota is majorly composed of taxa such as 

unclassified Betaproteobacteria, followed by unclassified Lachnospiraceae, unclassified 

Clostridiales, unclassified Bacteroidetes, and unclassified Bacteroidales, some of which appear 

at very low abundances in the lungs, (Fig. 2A). A significant compositional difference (p < 0.001) 

is confirmed between the two bacterial populations through beta diversity measures, using 

Constrained Analysis of Principal Coordinates (CAP) with Bray-Curtis dissimilarity (Fig. 2B). 

CAP with Bray-Curtis allows quantification of compositional differences between two samples 

or sites by taking both abundance and presence/absence into account.  
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Figure 1. Comparison of microbial composition between lung tissue samples and negative 

extraction controls. Comparisons were made at the A) phylum and B) genus levels. Compositions 

of lung tissue samples represent before and after (“filtered”) the removal of contaminant taxa. Lung 

tissue samples (n=252) and negative extraction controls (n=3). 
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Figure 2. Bacterial community comparison between lung and skin. (A) Composition at genus 

level. (B) Constrained principle coordinate analysis based on the Bray-Curtis index. 

Corresponding/matching samples (n=252) were used to compare the two communities. 
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Core measurable microbiota & summary statistics 

 After removing contaminants, samples were rarefied to an even sampling depth and a 

core measurable microbiota (CMM) (Benson et al., 2010) was defined at the genus to phylum 

and OTU levels. From 16S rRNA gene amplicon sequencing, a large dataset is obtained, 

whereby many OTUs are present in only a few or single samples. Defining a CMM removes 

taxa with rare prevalence/abundances. By removing these microbes, analyses can be focused 

on taxa that are present throughout the dataset, which have a higher probability to be resident 

bacteria. In this study, the CMM was defined to include taxa that are present in at least 10% of 

the samples with at least 1% relative abundance. At the genus and OTU levels, the number of 

CMM taxa represents a small fraction (4.95% and 0.55%, respectively), but their abundances in 

total represent 91.18% and 49.82% of the entire genus and OTU tables, respectively. On average, 

genera of the CMM represents 82.4% of each sample’s microbial community. The CMM 

includes a total of 72 taxa from genus to phylum level and 36 OTUs.  

Once the CMM was defined, SourceTracker (Knights et al., 2011) was performed as a 

final step to reduce chances of including contaminants in the dataset, which identifies the level 

of contamination in each sample using NECs as a “source”. After running SourceTracker, nine 

samples with a fraction of contamination above 20% were removed from the dataset. 

Summary statistics were calculated on the relative abundances of each CMM trait (for 

243 samples) at the genus to phylum and OTU levels in order to examine variability within 

each trait (Table S1, 2). Lactobacillus is the most abundant genus with an average abundance 

of 13.20% and ranges from 0.23 to 92.28% throughout the dataset. Others also exhibit 

considerable variation such as Pelomonas ranging from 0 to 87.38%, Flavobacterium from 0 to 

51.2%. Genera with lower abundance display a lower magnitude of variation such as 

Corynebacterium ranging from 0.03 to 19.35% and Staphylococcus from 0 to 4.78%. At the OTU 

level, Pelomonas_OTU4 is the most abundant, ranging from 0 to 87.38% with an overall 

average of 7.16%. Other OTUs such as Flavobacterium_OTU8 ranges from 0 to 51.2%, 

Lactobacillus_OTU3 ranges from 0 to 71.28%, and Lactobacillus_OTU2 ranges from 0 to 24.6%. 

For both the genus and OTU level, traits with higher mean abundance show greater variation 

(Pearson’s corr: p < 0.001, r = 0.7975; p < 0.001, r = 0.9101, respectively).  

In order to perform QTL mapping, the relative abundances of the CMM traits were 

log10-transformed for input in a mixed effects model in which we incorporate sex, age, and cage 

effects on the inter-individual variation of the CMM traits. The log10-transformed relative 
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abundances were used as responses, sex and age as fixed effects, and cage as a random effect. 

The percentages of total variance explained by these effects were then estimated. At the genus 

level, these percentages vary from 0 to 15.68%, where, for example, 15.68% of total variance is 

explained by cage in Flavobacterium, whereas 0% is explained for Pelomonas and Streptococcus. 

At the OTU level, 14.28% of the total variance is explained by cage in Flavobacterium_OTU8 

and 0% in Rhodoluna_OTU10. Of note, the majority of the variance in our CMM traits remains 

as residual variation even after we account for sex, age, and cage effects (Table S3, 4 for taxa 

and OTU levels, respectively). 

 

QTL mapping of the lung microbiota 

 In order to identify the host genomic regions associated with the variation in lung 

microbial composition, linkage mapping was performed on the defined CMM traits. In total, 

242 samples were included in the mapping. A total of 108 CMM traits, from the genus to 

phylum and OTU levels, were included for mapping. Overall, four suggestive (p < 0.1) QTL 

(Belheouane et al., 2017) were detected, including three at the genus level, and one from the 

OTU level (Table 1). The confidence intervals range from 0.14 to 1.9 Mb, and the number of 

genes included in a given interval ranges from 3 to 29. For example, a region between 62.14 

and 64.04 Mb on chromosome 11 is associated with variation in Alpinimonas, and a region 

between 76.66 to 76.80 Mb on chromosome 5 is associated with variation in Microbacterium. 

The number of genes varies within each candidate region with some found adjacent to the peak 

SNP. For example, genes in proximity to peak SNPs include the Pmp22 gene on chromosome 

11 (Alpinimonas) and the Clock and Pdcl2 genes on chromosome 5 (Microbacterium). At the 

OTU level, OTU92_Alpinimonas is associated with the same region as Alpinimonas at the 

genus level, but with a different peak SNP.  

  

Candidate gene analysis 
 With the high resolution stemming from 15 generations of intercrossing, we were able 

to obtain narrow confidence intervals and identify candidate genes (Table 1). Most genes 

within the intervals were related to one or more of the following processes: immune response, 

inflammatory response, cell apoptosis, and DNA repair. For example, the Pmp22 gene  

associated with Alpinimonas plays a role in lung cancer, where its suppression can help reduce 
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progression of lung cancer (Qu et al., 2015). A list of candidate genes from significant and 

suggestive QTLs and their functions are reported in Table 2. 
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Table 2. Genes from QTL intervals and their functions explained. 

Trait Gene Function (& reference) 

Alpinimonas Pmp22 Lung cancer (Qu et al. 2015) 

Kocuria Med13l Neurodevelopmental disorder (NDD) syndrome; heart disease (Ji et al., 2020) 

Microbacterium Clock Pulmonary physiology & pathology (Gebel et al., 2006); inflammation 
(Kondratov et al., 2006); lung cancer (Papagiannakopoulos et al., 2016) 

 Pdcl2 G-protein functioning (Schröder & Lohse, 2000) 

 

  

Discussion 

 

 In this study we performed high-resolution QTL mapping to investigate host-

microbiota associations in the murine lung. With high marker density and 15 generations of 

intercrossing, we were able to identify genomic regions and candidate genes that represent 

possible novel interactions with bacteria in the lung. 

 Until recently, lungs were considered sterile in healthy individuals and to carry 

microbes only in individuals with lung diseases or impaired lung functioning (Cabello et al., 

1997; Laurenzi et al., 1961; Segal et al., 2013). As such, the lung was not initially included in the 

Human Microbiome Project (Turnbaugh et al., 2007). This may be derived from the concept 

of the structure of the respiratory tract and microaspiration that happens at higher frequency 

in individuals who smoke or with respiratory tract diseases, but also from the difficulties in 

obtaining bacteria from sputum with culture-based methods prior to adaptation of 16S rRNA 

gene sequencing technology (Cabello et al., 1997; Rogers et al., 2009). Nowadays, sampling of 

human lung microbiota is often done using bronchoalveolar lavage (BAL) fluid instead of 

sputum, which enhances the profiling of lung microbiota. Using an animal model such as the 

mouse has advantages over sputum or BALF, since we can excise the tissue directly in order to 

fully capture the microbiota and avoid contamination from the trachea or mouth. Through 

recent studies and advancement in technology, the lung microbiota is now recognized as a 

distinct community, but partially carrying bacteria derived from upper respiratory tract, in part 

due to microaspiration (Charlson et al., 2011; Dickson et al., 2017; Segal et al., 2013). 
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 In this study, lung microbiota analysis and QTL mapping were performed at the 

bacterial transcript (RNA) level, in order to capture the active and thus more likely true resident 

bacteria in the lungs. Although both DNA and RNA can reflect the microbial community 

within the tissue, they provide different information, especially regarding responses to host. 

DNA provides an overview of the microbial community, but disregards whether bacteria are 

dead or alive. On the other hand, RNA-level analysis is capable of providing information of 

active and live bacteria in the tissue, which are more likely to be interacting with the host and 

immune responses. As a result, analyzing at RNA level will help reduce environmental noise in 

such low biomass samples, but may only report those more active at the transcription level at 

the sampling point (Wagner, 1994; Zakrzewski et al., 2012). As Belheouane et al. (2017) also 

detected greater efficiency in detecting significant associations between the host and the skin 

microbial traits, examining at the transcript level was appropriate in this study in order to 

investigate lung microbiota associated with host genetic variation and biological responses in 

relation to its bacterial community. 

 Sequencing results were transformed to relative abundance data in order to visualize 

and understand the data effectively, and a core measurable microbiota (CMM) was defined that 

constitutes taxa that are more predominant throughout the samples (Benson et al., 2010). 

Although sequencing identifies and provides massive data, many are only present in a single or 

few samples that carry low statistical importance/significance. Defining a CMM thus accounts 

for taxa that have higher abundance and carry greater potential to functionally interact with 

the host. 

 In order to successfully perform analysis and mapping, it was crucial to first define 

authentic, resident bacterial community of lung microbiota apart from contaminants and 

environmental noises. Indeed, there are challenges in studying samples of low biomass as the 

results are more easily hindered by undesirable elements, often derived from the means of 

sample collection or even lab reagents (Jervis-Bardy et al., 2015; Salter et al., 2014). Negative 

extraction controls were included in the extraction step in order to examine potential 

introduction of contaminants from reagents and the environment throughout the sample 

processing, using R packages such as “SourceTracker” and “decontam”. The two methods are 

different but are both useful when dealing with contamination. SourceTracker determines the 

fraction of OTUs or taxa derived from the “source,” such as negative extraction controls, as 

contaminants that are found in each true sample using a Bayesian approach (Knights et al., 
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2011). This can be practical in determining “contaminated” samples, but will not be able to 

identify specific contaminants. Decontam, on the other hand, adapts simple de novo 

classification methods in order to identify contaminants based on either their frequency or 

prevalence. The frequency method is based on the information that contaminants are likely to 

be negatively correlated to overall bacterial biomass concentration (Jervis-Bardy et al., 2015; 

Lusk, 2014; Salter et al., 2014; Willner et al., 2012), while the prevalence method uses bacterial 

abundance data, since the sequences of contaminant taxa are more likely to be prevalent in 

controls than in true samples (Davis et al., 2018; Lazarevic et al., 2016). Decontam is known to 

be more useful when dealing with samples with low bacterial load (Lazarevic et al., 2016), and 

SourceTracker is suggested to be more suitable for samples that are well-defined or with higher-

density biomass (Karstens et al., 2019). Independently from decontam, we have hypothesized 

based on our preliminary tests that the fraction of contaminant taxa would increase with 

reduction in the bacterial load, which we confirmed by using absolute/total bacterial load based 

on ddPCR. In addition to the frequency method of decontam, correlation tests between 

bacterial load and the relative abundance of the putative contaminant taxa Halomonas and 

Shewanella revealed a negative correlation, which is consistent with the two taxa being 

contaminants. Halomonas is a halophilic taxon and is thus resistant to salt that is contained in 

reagents. Shewanella is a Gram-negative bacterium that inhabits aquatic environments of warm 

and temperate regions over the world. As decontam and our own correlation test share the 

same principle, both tests identified those genera as contaminants. For further analyses, OTUs 

belonging to these taxa were removed from our dataset, following previous studies on lung 

microbiota or samples of low biomass (Greathouse et al., 2018; Karstens et al., 2019; 

Roggenbuck et al., 2016). Indeed, identification and removal of contaminant taxa enables 

improved observation of the genuine microbial community especially when working with 

samples of low biomass (Weyrich et al., 2019).  

Additionally, lung samples were analyzed together with previously sequenced skin 

samples in order to compare and confirm distinctiveness between the two low microbial 

biomass tissue sites (Koskinen et al., 2017). The most dominant genus in each tissue was 

distinct, with Lactobacillus in the lungs and unclassified Betaproteobacteria on the skin. Beta 

diversity measures with Bray-Curtis dissimilarity confirmed the difference between the two 

sites. Lastly, it was intriguing to find a genus, Pelomonas, which found to be a unique genus in 

the lungs (Barfod et al., 2013) and was detected throughout the G15 mouse samples but not in 
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NECs or in skin samples. All the steps and procedures provided us with sufficient confirmation 

that we obtained genuine lung microbiota from lung tissues for further analysis. For future 

studies, application of decontam with bacterial load would be necessary in order to identify 

contaminants efficiently, especially for samples with low biomass. 

 Within the G15 population, Lactobacillus was the most abundant genus throughout the 

samples. This is a common microbe found in murine lung microbiota (Barfod et al., 2013; 

Singh et al., 2017; Yun et al., 2014) and is generally known as a probiotic bacterium. It has been 

shown to be capable of modulating host immune responses to viral infection in the lungs 

(Chiba et al., 2013; Villena et al., 2012) and reduce lung injury from Streptococcus pneumoniae 

(Racedo et al., 2006). In a study by Ezendam & Loveren (2008), mice 2-week old or adult mice 

were administered Lactobacillus casei strain Shirota (LcS) and then challenged with ovalbumin 

in order to induce allergic symptoms in the lungs. This revealed an enhanced immune response 

from the mice given LcS compared to controls (that were given saline), involving increased 

eosinophils and lymphocytes. Although it seems that the degree of the effect is dependent on 

species or strain (Forsythe et al., 2007; Tomosada et al., 2013), these studies demonstrate a 

general beneficial role of Lactobacillus strains in various immune responses. 

According to studies in a different field apart from the mammalian lung microbiota, 

Pelomonas contributes to fungal resistance and contraction frequency in hydra (Fraune et al., 

2015; Murillo-Rincon et al., 2017). Irrespective of the different host species, it is intriguing to 

note the mechanism and strategy Pelomonas carries. In hydra, small molecules such as amino 

acids can influence contraction frequency and activity including GABA (gamma-

Aminobutyric acid) (Murillo-Rincon et al., 2017). It is intriguing to discover that GABA is one 

of the amino acids that is also found in pulmonary neuroendorine cells (PNEC), distributed 

along the alveolar airway epithelium (Yabumoto et al., 2008). Their study shows that GABA 

can play a role through its receptors in the epithelial cells of murine lungs. Another study shows 

that GABA is indeed mainly produced in PNEC in primates and can affect mucus production, 

together with IL-13 (Barrios et al., 2019). Based on these studies, we can speculate a potential 

role played by Pelomonas upon GABA, which could then affect lung functioning.  

Streptococcus is another genus with high abundance throughout G15 lung samples that 

was previously found in murine lungs as well as human lungs (Barfod et al., 2013; Beck et al., 

2012; C. Cheng et al., 2020; Coburn et al., 2015; Dickson et al., 2013; Scheiermann & Klinman, 

2017; Singh et al., 2017). Although it is often detected as one of the dominant genera in the 
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lungs, S. pneumoniae is a well-known cause of lung infection and is a major cause of pneumonia 

in developing countries (Falade & Ayede, 2011).  It is also a leading cause of community-

acquired pneumonia, which can be deadly to the elderly (File Jr, 2004), and studies have found 

an association between S. pneumoniae and an increased risk of asthma (Bisgaard et al., 2007; 

Teo et al., 2015).  

Staphylococcus was also found throughout the G15 lung samples and was previously 

found in murine and human lung microbiota (Barfod et al., 2013; Kostric et al., 2017; Remot et 

al., 2017; Roggenbuck et al., 2016). Staphylococcus aureus is another well-known pathogen for 

respiratory infections and is often called a pathobiont for safely inhabiting the human 

respiratory tract, but acting pathogenic under certain circumstances (Peres et al., 2015). Again, 

highlighting the importance of microbial homeostasis, alteration or change in Staphylococcus 

abundance was shown to be associated with asthma in human models (Hilty et al., 2010). In 

other studies, it was shown to be associated with cystic fibrosis (Dickson et al., 2013; Feigelman 

et al., 2017; Van Der Gast et al., 2011), along with its association to progression in pulmonary 

fibrosis depending on its relative abundance (Han et al., 2014). In sum, these taxa play various 

roles and can modulate the host to enhance or ameliorate inflammation or disease states.  

 Although no significant QTL were detected, we identified several suggestive QTL and 

genes within the interval that are related to various lung diseases. These suggestive QTL were 

detected from Alpinimonas on chromosome 11, Kocuria on chromosome 5, and 

Microbacterium on chromosome 5 at the genus level, and from OTU92_Alpinimonas on 

chromosome 11 at the OTU level. Pmp22 was detected adjacent to the peak SNP of QTL of 

Alpinimonas, which was previously found to play a role in lung cancer (Qu et al., 2015). The 

study found that the suppression of Pmp22 may affect cell proliferation, invasion, and 

apoptosis in lung cancer cells, which implies a potential role of the gene in lung cancer therapy. 

Another gene, Tekt3, was also found within the interval of Alpinimonas QTL, and is a protein-

coding gene belonging to tektin family of proteins. This has been found to be down-regulated 

in lung squamous cell carcinoma (SCC) metastasis (Tian et al., 2017). It was also found as one 

of the genes associated to chronic obstructive pulmonary disease (COPD) based on significant 

and sub-threshold GWAS SNPs (Morrow et al., 2018). These two genes have yet to be studied 

in depth, but they are interesting findings that have been found to play role in lung diseases 

and cancer. A similar result was found for OTU92_Alpinimonas, which could indicate that this 
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may be the major species-level OTU of the genus Alpinimonas driving the linkage between the 

bacteria and the host.  

From the confidence interval of the Microbacterium QTL, there are only three genes 

detected, which included the Pdcl2 and Clock genes. Pdcl2 (phosducin-like 2) is a member of 

the phosducin-like protein family, known as a heterotrimeric G protein modulator in humans. 

Heterotrimeric G protein can mediate its subunit, known as the G protein βγ subunit complex, 

and different signals such as hormonal and neuronal signaling require a phosducin-like protein 

for assembly (Lukov et al., 2005). However, its physiological role in lung health or functioning 

is yet unknown. As one of the core clock genes, Clock (Circadian Locomotor Output Cycles 

Kaput) takes part in circadian rhythms, and various diseases result from a disruption of 

circadian rhythms on different organs such as the skin (Gubareva et al., 2016), heart (Alibhai 

et al., 2018; Duong et al., 2019; Fletcher et al., 2017), intestines (Le et al., 2017; Voigt et al., 2014), 

and lung (Gebel et al., 2006; Hadden et al., 2012; Lagishetty et al., 2014; Papagiannakopoulos et 

al., 2016; Wang et al., 2016), as well as general cancer development (Hashikawa et al., 2017). 

The relationship between circadian rhythms and host fitness is a widely studied subject, and it 

is interesting to examine the wide range of tissues and mechanisms that are affected. Clock pairs 

with another gene, Bmal1, whereby the two genes regulate the transcription of downstream 

genes such as Per2 and Cry genes. Not only the physiological disturbance in the rhythm, but 

also the genetic mutation in clock genes altered host survival and increased the risk of 

tumorigenesis (Papagiannakopoulos et al., 2016). In the intestines, it has been shown that the 

microbiota itself maintains circadian rhythmicity and affects host circadian clock function with 

its metabolites such as short-chain fatty acids (SCFA) (Tahara et al., 2018). Deletion of clock 

genes can alter the composition and load of the intestinal and fecal microbiota (Liang et al., 

2015), which may be applicable to lung microbiota in terms of host health and fitness. We could 

speculate a potential association between the circadian rhythm of the host and Microbacterium 

in the lungs, in which its metabolites affecting the host’s clock-related genes or the disturbance 

in circadian rhythmicity altering the abundance of Microbacterium.  

Although lungs had been long known as a sterile tissue, identification of its microbiota 

has led to broad range of studies including host health, disease, and fitness. The association 

between the host and lung microbiota is highlighted in this study by performing QTL linkage 

mapping on a mouse population of great genetic marker density. Narrow confidence intervals 

included various genes related to cancer and immune responses. We also set out a procedure 
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for decontaminating the dataset for future studies on samples of low biomass, which helps 

reduce environmental noise and improve data quality. 

 

Conclusion 

 

 Although lungs were considered sterile for a long time, the presence and the 

importance of microbes inhabiting the lungs are widely recognized as they take part in diseases 

susceptibility. The overall microbial community of lungs in a mouse mapping population was 

examined through 16S rRNA gene sequencing, where we identified Lactobacillus as the most 

abundant genus. We further tried to identify associations between host genetics and microbes 

using QTL linkage mapping on relative abundances data (of the core microbiota). With high 

genetic marker density, we obtained narrow intervals, but identified only suggestive QTL after 

permutation-based determination of significance thresholds. Lung disease-related genes were 

detected in association with microbes such as Alpinimonas and Microbacterium. Future studies 

could look into the expression of the genes in association with the associated microbes to 

further investigate how they affect each other. Another future plan is to examine the gut-lung 

axis using samples from the same mapping population, in order to identify a ‘cross-talk’ 

between microbial communities of the two body sites. 
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Methods 

 

RNA extraction & library preparation 

 The G15 AIL mouse population was bred by intercrossing 4 strains, MRL/MpJ, 

NZM2410/J, BXD2/TyJ, and CAST/EiJ, with equal sex and strain distributions for 15 

generations (Belheouane et al., 2017; Srinivas et al., 2013). These mice were dissected previously 

and the entire lung tissues were preserved in RNALater (Invitrogen) at -20ºC (by Dr. Marie 

Vallier and Dr. Meriem Belheouane). Approximately the bottom 1/3 of the left lobe was 

extracted. Tools were sterilized using 70% ethanol, RNase-Away (Thermo Scientific), and hot 

sterilizing beads (FST) with temperature at or above 120ºC. Tissues were lysed using lysing 

matrix E (MP Biomedicals) and a Precellys 24 homogenizer (bertin technologies). DNA and 

RNA were extracted using the AllPrep 96 DNA/RNA kit (QIAGEN) with DNase I treatment 

(QIAGEN) directly on the columns according to manufacturer’s protocol during RNA 

extraction. At the end, 20µL of RNase-free water was added twice to obtain a total amount of 

40µL of clean RNA. For DNA, 30µL of EB buffer was added twice. Concentration was measured 

on a NanoDrop 1000 (Thermo Scientific) and RNA samples were diluted to 200 ng/µL. Then 

reverse transcription was performed using High-Capacity cDNA Reverse Transcription Kit 

(Applied Biosystems) by adding 10 µL RNA. The master mix consisted of 2µL buffer, 0.8µL 

dNTPs, 2 µL Random Primers, and 4.2µL water for each sample. PCR protocol follows: 25ºC 

for 10 minutes, 37ºC for 120 minutes, 85ºC for 5 minutes, and incubation at 12ºC. 

For sequencing, the V1-V2 region of the 16S rRNA gene was amplified using primers 

27F and 338R, with unique eight-based MIDs (multiplex identifier), creating 288 different 

combinations of PCR products. PCR amplifications were conducted in a 25µl template with 

the following recipe: 5µl of 5x HF buffer (ThermoFisher Scientific), 5µl of 10mM dNTPs, 2µl 

each of 4µM forward and reverse primers, 0.25µl of Taq polymerase (Phusion High-Fidelity 

DNA Polymerase, ThermoFisher Scientific), 3µl of cDNA template, and 8.25µl of nuclease-free 

water. Cycling conditions included: initial denaturation at 98ºC for 30 seconds, 30 cycles of 

98ºC for 9 seconds, 55ºC for 30 seconds, and 72ºC for 90 seconds, and a final extension at 72ºC 

for 10 minutes. In addition to these samples, 3 negative extraction controls (NEC), one from 

each extraction plate, and one mock community sample (20ng/µL) (Microbial Community 

DNA Standard, ZymoBIOMICS) were included. PCR products were run on gels, imaged using 

a GelDoc XR+ (BioRad) and were quantified with Image Lab (v.6.0.1) (BioRad). Based on the 
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quantification, these PCR products were mixed into subpools at equal amount of nucleic acid 

and purified using the MinElute kit (QIAGEN) following the manufacturer’s instructions. 

Purified subpools were quantified on a NanoDrop 1000 (Thermo Scientific), mixed for a final 

pool with equal concentration of each subpool, and the final pool was sequenced using MiSeq 

Reagent Kit v2 with 2 x 250bp read length on an Illumina MiSeq.  

 

Sequence processing 

 Sequences in fastq format were checked for quality using FastQC (v.0.11.7) and 

trimmed using Trimmomatic (v.0.36). Reads were then merged with VSEARCH (v.2.7.1), 

chimeras were identified and removed with VSEARCH using the SILVA Gold reference 

database (Quast et al., 2012). OTU clustering was performed at a 97% similarity threshold with 

unique sequences detected through dereplication. Afterwards, taxonomy was assigned based 

on RDP Multi-Classifier (v.16) from the phylum to genus level at a confidence level of 0.8. 

Sequences for both lung and skin were analyzed together in order to help understand lung 

community composition, as both carry low bacterial load and are thus prone to contamination. 

Thirty-two lung samples were removed that were not included in the skin dataset. 

 Generated OTU and taxonomy tables were transferred to R studio (v.1.2.1335) and 

were merged with meta data including sample ID, parents, sex, age, and cage information, 

using “phyloseq” (v.1.28.0) (McMurdie & Holmes, 2013) in order to create a phyloseq object. 

Dataset was then rarefied to even sampling depth of 4,000 (reads), which removed 1 lung 

sample that had only 44 reads, leaving us with 252 samples. As two genera commonly 

considered to be lab contaminants were detected (Halomonas and Shewanella), we measured 

total bacterial load using ddPCR to help assess contamination. Details of the ddPCR method 

can be found in Chapter 2. Using this total bacterial load, the frequency method of the R 

package “decontam” (v.1.4.0) (Davis et al., 2018) was applied with a threshold of 0.1. Spearman 

correlation tests were also performed between the total bacterial load and relative abundances 

of Halomonas and Shewanella. As a result, the two genera were identified as contaminants and 

thus removed from the dataset before further analysis. We then defined a core measurable 

microbiota (CMM) with bacterial taxa and OTUs that are present with at least 1% relative 

abundance and present in at least 10% of the samples.  

 SourceTracker (v.0.9.5) (Knights et al., 2011) was also adapted in order to determine 

the fraction of contamination in each sample based on NECs as a “source” (of contamination). 
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This was run on species-level OTUs of the CMM and NECs. Default parameters were used at 

a 97% significance threshold. Nine samples with a 20% or more likelihood to be derived from 

the NEC “source” were removed. The final CMM thus included 243 samples with 36 OTUs and 

60 taxa from the genus to phylum level. Summary statistics were performed on the defined final 

CMM.  

 For beta diversity measures between lung and skin samples, Constrained Analysis of 

Principal Coordinates (CAP) (Linnenbrink et al., 2013) was performed using Bray-Curtis 

dissimilarity. The same analysis was applied for community comparisons among lung samples, 

NECs and the mock community. Next, the 15 most abundant genera were compared between 

lung and skin samples as well as between lung samples and NECs. All statistical analyses were 

performed on R (v.3.6.1). 

 

QTL mapping 

 Prior to QTL mapping, effects of sex, age, body weight, and cage information on the 

variation in CMM traits were calculated. Sex, age, and cage showed significance (p < 0.05) and 

were thus included in the mapping. A linear mixed effects analysis was then performed on each 

CMM trait using “lme4” (v.1.1-10) (Bates et al., 2012). Sex and age were included as fixed effects, 

and cage information was included as random effects. Variance was estimated using 

“r.squaredGLMM” in “MuMIn” (v.1.43.6) and “VarCorr” in “lme4” for fixed and random 

effects, respectively.  

Linkage mapping was performed using “DOQTL” (1.6.0) (Gatti et al., 2014) and 

“QTLRel” (0.2.14) (R. Cheng et al., 2011), whereby we fit an additive model that regresses the 

log10-transformed relative abundance of CMM traits at taxon and OTU levels on the four 

founder haplotype contributions. A kinship matrix was defined using “kinship.probs” in 

“DOQTL” in order to adjust for the kinship between samples (Belheouane et al., 2017). A 3D-

array of founder haplotype contributions (# samples x 4 founders x # markers) (Belheouane et 

al., 2017), kinship matrix, and meta data with sex, age, and cage information were included for 

linkage mapping.  

Permutations were run for each trait by shuffling the genotypic data to define 

significance thresholds at both the 90th and 95th percentiles of LOD scores. Permutations were 

run 10,000 times, as it is recommended to run at least 1,000 times (Gatti et al., 2014), and QTL 

peaks above either threshold for each trait were considered suggestive and significant, 
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respectively, for mapping associations. QTL confidence intervals were set at a 1.5 LOD score 

drop on each side of the QTL peak. After QTL mapping, genes within the confidence intervals 

were closely examined and plotted using “get.mgi.features” and “gene.plot” in “DOQTL” in 

order to identify potential candidate genes. All QTL mapping analyses were performed in R 

3.2.2, except permutations on R 3.6.2 (this was for permutation speed and for running in 

parallel on our cluster which carries R 3.6.2, and we confirmed the same thresholds are 

produced from both R versions).  

 

  



Chapter I  

 47 

Supplements 

Figure S1. Correlation test with total bacterial load. Correlation between log10-transformed total 

bacterial load and log10-transformed relative abundance of each of three genera, A) Halomonas, B) 

Shewanella, and C) Lactobacillus based on 16S rRNA gene sequencing was tested. P-value and 

Spearman correlation coefficient for each test are shown within each graph (n=252). 

p-value < 0.0001 
r = 0.345574 

p-value < 2.2e-16 
r = -0.5560367 
 

p-value < 2.2e-16 
r = -0.5681984 
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Table S1. Summary statistics of CMM traits from genus to phylum levels.  

Rank Trait min max mean std.dev coef.var var 

Phylum Actinobacteria 0.275 42.550 13.243 7.426 0.561 55.153 

Class Actinobacteria 0.275 42.550 13.242 7.427 0.561 55.153 

Order Actinomycetales 0.275 42.425 12.735 7.408 0.582 54.875 

Genus Corynebacterium 0 19.363 0.952 1.759 1.848 3.094 

Family Microbacteriaceae 0 19.975 2.587 2.804 1.084 7.860 

Genus Alpinimonas 0 8.388 0.435 0.992 2.280 0.983 

Genus Microbacterium 0 5.488 0.428 0.658 1.538 0.433 

Genus Rhodoluna 0 18.613 1.540 2.288 1.486 5.236 

Family Micrococcaceae 0 37.125 2.309 4.381 1.897 19.190 

Genus Kocuria 0 16.988 0.539 1.451 2.693 2.104 

Genus Micrococcus 0 36.838 0.994 3.413 3.433 11.646 

Genus Rothia 0 23.488 0.615 2.341 3.809 5.478 

Family Mycobacteriaceae 0 30.850 1.279 3.288 2.571 10.812 

Genus Mycobacterium 0 30.863 1.292 3.288 2.546 10.812 

Genus Uncl. Actinomycetales 0 36.938 3.513 4.005 1.140 16.041 

Phylum Bacteroidetes 1.275 61.050 17.424 10.560 0.606 111.521 

Genus Bacteroides 0 56.563 0.894 4.019 4.494 16.156 

Class Flavobacteriia 0 51.200 8.974 9.938 1.107 98.770 

Genus Uncl. Bacteroidales 0 9.738 1.667 1.835 1.101 3.368 

Order Flavobacteriales 0 51.200 8.974 9.938 1.107 98.770 

Family Flavobacteriaceae 0 51.200 7.536 9.577 1.271 91.710 

Genus Flavobacterium 0 51.213 7.257 9.614 1.325 92.436 

Genus Uncl. Flavobacteriales 0 42.738 1.328 3.671 2.765 13.474 

Genus Uncl. Bacteroidetes 0 39.963 4.376 4.119 0.941 16.964 

Phylum Firmicutes 4 95.650 40.626 13.179 0.324 173.673 

Class Bacilli 2.475 94.325 20.216 13.352 0.660 178.276 

Genus Bacillus 0 8.063 0.584 0.838 1.436 0.702 

Genus Staphylococcus 0 4.788 0.472 0.602 1.277 0.363 

Order Lactobacillales 1.25 92.650 18.135 13.529 0.746 183.026 

Family Lactobacillaceae 0.225 92.275 13.199 13.742 1.041 188.834 

Genus Lactobacillus 0 92.288 13.210 13.742 1.040 188.852 

Class Clostridia 0.25 64.400 19.670 11.233 0.571 126.179 

Order Clostridiales 0.25 64.400 19.660 11.233 0.571 126.185 

Genus Clostridium sensu stricto 0 16.363 0.758 1.512 1.996 2.287 

Family Lachnospiraceae 0.025 49.450 8.473 6.402 0.756 40.989 

Genus Uncl. Lachnospiraceae 0 49.388 7.968 6.271 0.787 39.320 

Genus Uncl. Ruminococcaceae 0 54.513 2.565 4.487 1.749 20.135 

Family Streptococcaceae 0 37.475 4.597 4.319 0.939 18.650 
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Genus Lactococcus 0 10.538 1.901 2.090 1.100 4.368 

Genus Streptococcus 0 37.088 2.694 4.413 1.638 19.472 

Genus Uncl. Clostridiales 0 34.363 6.941 5.572 0.803 31.046 

Phylum Fusobacteria 0 6.500 0.981 1.363 1.389 1.858 

Class Fusobacteriia 0 6.500 0.981 1.363 1.389 1.858 

Order Fusobacteriales 0 6.500 0.981 1.363 1.389 1.858 

Family Leptotrichiaceae 0 6.500 0.973 1.365 1.403 1.864 

Genus Leptotrichia 0 6.513 0.984 1.366 1.388 1.865 

Phylum Proteobacteria 0.775 91.225 22.696 14.362 0.633 206.263 

Class Betaproteobacteria 0.2 87.525 12.142 14.933 1.230 222.988 

Order Burkholderiales 0.2 87.525 11.006 14.692 1.335 215.864 

Family Burkholderiales incertae sedis 0 40.500 1.150 3.018 2.625 9.107 

Genus Tepidimonas 0 40.513 0.979 3.009 3.074 9.056 

Genus Uncl. Burkholderiales 0 14.663 1.154 1.963 1.702 3.855 

Family Comamonadaceae 0 87.400 8.227 15.071 1.832 227.122 

Genus Pelomonas 0 87.388 7.177 15.258 2.126 232.807 

Order Rhodocyclales 0 39.750 0.787 3.127 3.971 9.777 

Family Rhodocyclaceae 0 39.750 0.787 3.127 3.971 9.777 

Genus Dechloromonas 0 39.763 0.780 3.128 4.008 9.786 

Class Deltaproteobacteria 0 27.000 1.049 2.163 2.062 4.680 

Order Desulfovibrionales 0 4.725 0.387 0.763 1.975 0.583 

Family Desulfovibrionaceae 0 4.725 0.387 0.763 1.975 0.583 

Genus Uncl. Desulfovibrionaceae 0 4.513 0.335 0.721 2.154 0.520 

Class Gammaproteobacteria 0.15 38.550 6.676 5.385 0.807 28.994 

Order Enterobacteriales 0 15.725 1.339 2.234 1.668 4.992 

Family Enterobacteriaceae 0 15.725 1.339 2.234 1.668 4.992 

Genus Serratia 0 14.363 0.980 1.904 1.942 3.624 

Order Pseudomonadales 0.025 37.900 4.378 4.927 1.126 24.277 

Family Moraxellaceae 0 35.275 1.577 3.697 2.344 13.667 

Genus Uncl. Moraxellaceae 0 35.288 1.348 3.713 2.754 13.783 

Family Pseudomonadaceae 0 20.625 2.800 3.797 1.356 14.416 

Genus Pseudomonas 0 20.638 2.795 3.786 1.355 14.334 

Genus Uncl. Bacteria 0 12.213 2.626 1.934 0.736 3.739 

Genus Uncl. Proteobacteria 0 9.413 0.743 0.954 1.283 0.910 

Genus Chao1 14 33.000 27.551 3.380 0.123 11.422 

Genus Shannon 0.365 3.036 2.369 0.498 0.210 0.248 
 

(min = minimum, max = maximum, std.dev = standard deviation, coef.var = coefficient variation, var = 

variation)  
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Table S2. Summary statistics of CMM traits at OTU level.  

 Trait min max mean std.dev coef.var var 

Pelomonas Otu10 0 18.325 1.383 2.243 1.622 5.030 

Flavobacterium Otu14 0 14.175 2.043 2.988 1.463 8.927 

Lactobacillus Otu15 0 8.375 1.517 1.765 1.163 3.114 

Lactobacillus Otu17 0 30.125 1.586 3.405 2.147 11.596 

Pseudomonas Otu19 0 40.500 0.962 3.004 3.123 9.025 

Uncl. Actinomycetales Otu2 0 24.600 3.651 5.406 1.480 29.220 

Lactococcus Otu21 0 5.300 1.090 1.223 1.122 1.497 

Lactobacillus Otu22 0 36.825 0.921 3.409 3.703 11.624 

Flavobacterium Otu23 0 26.675 0.610 2.225 3.649 4.950 

Rhodoluna Otu24 0 39.750 0.768 3.128 4.074 9.786 

Uncl. Moraxellaceae Otu25 0 24.400 1.203 2.951 2.452 8.706 

Mycobacterium Otu26 0 35.275 1.319 3.716 2.817 13.809 

Uncl. Flavobacteriales Otu27 0 37.025 0.646 3.027 4.689 9.165 

Streptococcus Otu2761 0 30.850 1.254 3.279 2.615 10.750 

Uncl. Bacteroidetes Otu28 0 17.550 0.854 1.962 2.298 3.849 

Serratia Otu29 0 13.200 0.663 1.566 2.363 2.453 

Tepidimonas Otu3 0 71.275 5.202 10.039 1.930 100.778 

Leptotrichia Otu30 0 14.350 0.968 1.904 1.967 3.624 

Micrococcus Otu31 0 42.725 1.248 3.666 2.938 13.441 

Uncl. Burkholderiales Otu33 0 8.900 0.403 1.065 2.644 1.135 

Uncl. Bacteroidetes Otu36 0 4.500 0.322 0.721 2.238 0.520 

Dechloromonas Otu38 0 26.875 0.761 2.446 3.216 5.984 

Uncl. Lachnospiraceae Otu4 0 87.375 7.164 15.258 2.130 232.807 

Uncl. Lachnospiraceae Otu40 0 6.875 0.350 0.787 2.247 0.619 

Streptococcus Otu42 0 14.650 0.892 1.815 2.035 3.294 

Uncl. Clostridiales Otu43 0 4.925 0.419 0.929 2.216 0.863 

Uncl. Actinomycetales Otu5499 0 6.500 0.940 1.372 1.460 1.884 

Streptococcus Otu6 0 20.200 2.555 3.747 1.467 14.037 

Uncl. Clostridiales Otu62 0 8.375 0.495 1.011 2.041 1.022 

Uncl. Clostridiales Otu66 0 2.575 0.370 0.469 1.268 0.220 

Alpinimonas Otu7323 0 35.525 0.536 2.612 4.873 6.822 

Uncl. Clostridiales Otu7839 0 4.500 0.493 0.862 1.749 0.743 

Uncl. Bacteroidetes Otu8 0 51.200 5.341 10.098 1.890 101.960 

Uncl. Lachnospiraceae Otu8132 0 4.150 0.447 0.756 1.691 0.571 

Uncl. Bacteroidetes Otu9 0 10.525 1.870 2.087 1.116 4.356 

Uncl. Desulfovibrionaceae Otu92 0 8.375 0.422 0.992 2.347 0.983 

 Chao1 68 625.137 263.711 109.141 0.414 11911.798 

 Shannon 0.706 5.340 3.689 0.949 0.257 0.900 
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(min = minimum, max = maximum, std.dev = standard deviation, coef.var = coefficient variation, var = 

variation) 
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Table S3. Portions of variance explained by explanatory variables for genus level.  

  Variance component % Total Variance Fixed 
Structure 

Rank Trait Cage Residual Cage Residual R2m 

Phylum Actinobacteria 0.0000 0.0023 0.11 99.89 0.0764 

Class Actinobacteria 0.0000 0.0023 0.12 99.88 0.0764 

Order Actinomycetales 0.0000 0.0023 0.53 99.47 0.0728 

Genus Corynebacterium 0.0000 0.0002 1.33 98.67 0.0067 

Family Microbacteriaceae 0.0000 0.0004 0.00 100.00 0.1576 

Genus Alpinimonas 0.0000 0.0001 0.00 100.00 0.1421 

Genus Microbacterium 0.0000 0.0000 0.00 100.00 0.0019 

Genus Rhodoluna 0.0000 0.0003 0.00 100.00 0.1079 

Family Micrococcaceae 0.0000 0.0010 2.69 97.31 0.0016 

Genus Kocuria 0.0000 0.0001 0.35 99.65 0.0178 

Genus Micrococcus 0.0000 0.0006 2.95 97.05 0.0009 

Genus Rothia 0.0000 0.0003 0.00 100.00 0.0175 

Family Mycobacteriaceae 0.0000 0.0005 3.46 96.54 0.0941 

Genus Mycobacterium 0.0000 0.0005 3.46 96.54 0.0941 

Genus Uncl. Actinomycetales 0.0001 0.0008 6.49 93.51 0.0198 

Phylum Bacteroidetes 0.0003 0.0036 7.38 92.62 0.0401 

Genus Bacteroides 0.0000 0.0006 0.00 100.00 0.0155 

Class Flavobacteriia 0.0004 0.0032 11.90 88.10 0.1070 

Genus Uncl. Bacteroidales 0.0000 0.0002 0.00 100.00 0.0051 

Order Flavobacteriales 0.0004 0.0032 11.90 88.10 0.1070 

Family Flavobacteriaceae 0.0005 0.0028 14.59 85.41 0.1387 

Genus Flavobacterium 0.0005 0.0028 15.68 84.32 0.1368 

Genus Uncl. Flavobacteriales 0.0000 0.0007 0.00 100.00 0.0113 

Genus Uncl. Bacteroidetes 0.0000 0.0009 0.00 100.00 0.0434 

Phylum Firmicutes 0.0000 0.0041 0.00 100.00 0.0117 

Class Bacilli 0.0000 0.0051 0.67 99.33 0.0482 

Genus Bacillus 0.0000 0.0000 0.40 99.60 0.0288 

Genus Staphylococcus 0.0000 0.0000 3.54 96.46 0.0055 

Order Lactobacillales 0.0002 0.0052 3.15 96.85 0.0696 

Family Lactobacillaceae 0.0003 0.0056 5.72 94.28 0.0519 

Genus Lactobacillus 0.0003 0.0056 5.73 94.27 0.0519 

Class Clostridia 0.0000 0.0042 0.00 100.00 0.0929 

Order Clostridiales 0.0000 0.0042 0.00 100.00 0.0929 

Genus Clostridium sensu stricto 0.0000 0.0001 1.09 98.91 0.0033 

Family Lachnospiraceae 0.0000 0.0018 1.85 98.15 0.0208 

Genus Uncl. Lachnospiraceae 0.0000 0.0017 2.07 97.93 0.0219 
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Genus Uncl. Ruminococcaceae 0.0000 0.0009 0.00 100.00 0.0341 

Family Streptococcaceae 0.0000 0.0009 0.00 100.00 0.0424 

Genus Lactococcus 0.0000 0.0003 0.88 99.12 0.0632 

Genus Streptococcus 0.0000 0.0010 0.00 100.00 0.0529 

Genus Uncl. Clostridiales 0.0000 0.0014 0.00 100.00 0.0931 

Phylum Fusobacteria 0.0000 0.0001 6.38 93.62 0.0178 

Class Fusobacteriia 0.0000 0.0001 6.38 93.62 0.0178 

Order Fusobacteriales 0.0000 0.0001 6.38 93.62 0.0178 

Family Leptotrichiaceae 0.0000 0.0001 6.56 93.44 0.0185 

Genus Leptotrichia 0.0000 0.0001 6.54 93.46 0.0186 

Phylum Proteobacteria 0.0000 0.0057 0.00 100.00 0.0033 

Class Betaproteobacteria 0.0000 0.0072 0.00 100.00 0.0009 

Order Burkholderiales 0.0000 0.0070 0.00 100.00 0.0008 

Family Burkholderiales incertae sedis 0.0000 0.0004 1.04 98.96 0.0583 

Genus Tepidimonas 0.0000 0.0004 0.12 99.88 0.0600 

Genus Uncl. Burkholderiales 0.0000 0.0002 5.30 94.70 0.1630 

Family Comamonadaceae 0.0000 0.0076 0.00 100.00 0.0191 

Genus Pelomonas 0.0000 0.0079 0.00 100.00 0.0213 

Order Rhodocyclales 0.0000 0.0005 0.00 100.00 0.0046 

Family Rhodocyclaceae 0.0000 0.0005 0.00 100.00 0.0046 

Genus Dechloromonas 0.0000 0.0005 0.13 99.87 0.0053 

Class Deltaproteobacteria 0.0000 0.0003 2.13 97.87 0.0062 

Order Desulfovibrionales 0.0000 0.0000 4.65 95.35 0.0153 

Family Desulfovibrionaceae 0.0000 0.0000 4.65 95.35 0.0153 

Genus Uncl. Desulfovibrionaceae 0.0000 0.0000 4.86 95.14 0.0115 

Class Gammaproteobacteria 0.0000 0.0015 0.85 99.15 0.0236 

Order Enterobacteriales 0.0000 0.0003 0.00 100.00 0.0061 

Family Enterobacteriaceae 0.0000 0.0003 0.00 100.00 0.0061 

Genus Serratia 0.0000 0.0002 0.00 100.00 0.0342 

Order Pseudomonadales 0.0000 0.0012 1.30 98.70 0.0557 

Family Moraxellaceae 0.0000 0.0007 0.34 99.66 0.0564 

Genus Uncl. Moraxellaceae 0.0000 0.0007 0.48 99.52 0.0525 

Family Pseudomonadaceae 0.0001 0.0008 8.23 91.77 0.0284 

Genus Pseudomonas 0.0001 0.0008 8.46 91.54 0.0285 

Genus Uncl. Bacteria 0.0000 0.0002 2.57 97.43 0.0452 

Genus Uncl. Proteobacteria 0.0000 0.0001 2.94 97.06 0.0522 

Genus Chao1 0.0004 0.0355 0.99 99.01 0.0422 

Genus Shannon 0.0006 0.0131 4.48 95.52 0.0338 
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Table S4. Portions of variance explained by explanatory variables for OTU level.  

  Variance component % Total Variance Fixed 
Structure 

 OTU Cage Residual Cage Residual R2m 

Pelomonas OTU10 0.0000 0.0003 0.00 100.00 0.1007 

Flavobacterium OTU14 0.0001 0.0005 8.94 91.06 0.0302 

Lactobacillus OTU15 0.0000 0.0002 3.28 96.72 0.0306 

Lactobacillus OTU17 0.0000 0.0006 1.27 98.73 0.0653 

Pseudomonas OTU19 0.0000 0.0004 0.10 99.90 0.0593 

Uncl. Actinomycetales OTU2 0.0001 0.0015 8.88 91.12 0.0403 

Lactococcus OTU21 0.0000 0.0001 0.00 100.00 0.0459 

Lactobacillus OTU22 0.0000 0.0006 1.40 98.60 0.0008 

Flavobacterium OTU23 0.0000 0.0003 1.00 99.00 0.0118 

Rhodoluna OTU24 0.0000 0.0005 0.13 99.87 0.0053 

Uncl. Moraxellaceae OTU25 0.0000 0.0005 5.52 94.48 0.0350 

Mycobacterium OTU26 0.0000 0.0020 0.36 99.64 0.0610 

Uncl. Flavobacteriales OTU27 0.0000 0.0011 0.00 100.00 0.0594 

Streptococcus OTU2761 0.0000 0.0015 3.09 96.91 0.1088 

Uncl. Bacteroidetes OTU28 0.0000 0.0007 0.00 100.00 0.1574 

Serratia OTU29 0.0000 0.0005 4.55 95.45 0.0169 

Tepidimonas OTU3 0.0000 0.0078 0.00 100.00 0.1322 

Leptotrichia OTU30 0.0000 0.0008 0.00 100.00 0.0366 

Micrococcus OTU31 0.0000 0.0007 0.00 100.00 0.0081 

Uncl. Burkholderiales OTU33 0.0000 0.0001 2.28 97.72 0.0120 

Uncl. Bacteroidetes OTU36 0.0000 0.0000 4.86 95.14 0.0115 

Dechloromonas OTU38 0.0000 0.0003 0.00 100.00 0.0418 

Uncl. Lachnospiraceae OTU4 0.0000 0.0079 0.00 100.00 0.0213 

Uncl. Lachnospiraceae OTU40 0.0000 0.0000 0.42 99.58 0.0257 

Streptococcus OTU42 0.0000 0.0002 10.84 89.16 0.2075 

Uncl. Clostridiales OTU43 0.0000 0.0001 0.00 100.00 0.0395 

Uncl. Actinomycetales OTU5499 0.0000 0.0001 6.69 93.31 0.0205 

Streptococcus OTU6 0.0001 0.0008 8.51 91.49 0.0357 

Uncl. Clostridiales OTU62 0.0000 0.0001 7.55 92.45 0.0075 

Uncl. Clostridiales OTU66 0.0000 0.0000 0.00 100.00 0.0137 

Alpinimonas OTU7323 0.0000 0.0003 0.00 100.00 0.0075 

Uncl. Clostridiales OTU7839 0.0000 0.0000 3.69 96.31 0.0985 

Uncl. Bacteroidetes OTU8 0.0005 0.0032 14.28 85.72 0.1608 

Uncl. Lachnospiraceae OTU8132 0.0000 0.0000 8.40 91.60 0.0170 

Uncl. Bacteroidetes OTU9 0.0000 0.0002 0.99 99.01 0.0633 

Uncl. Desulfovibrionaceae OTU92 0.0000 0.0001 0.00 100.00 0.1421 
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 Chao1 0.0004 0.0355 0.99 99.01 0.0422 

 Shannon 0.0006 0.0131 4.48 95.52 0.0338 



 

 

 56 

  



  

 57 

 

 

 

 

 

 

 

 

Chapter II. 

 

Application of droplet digital PCR 

in the analysis of lung bacterial abundances
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Introduction 

 

Droplet digital PCR (ddPCR) is a highly sensitive quantitative PCR method to detect and 

quantify target nucleic acid sequences. A single PCR mix of 20µL is partitioned into approximately 

20,000 droplets using an oil emulsion technique, whereby individual PCR reactions are run within 

each droplet. The target DNA is detected by fluorescence and is read as either “positive” or 

“negative” droplet, depending on the presence of the target DNA (Fig. S1). These signals are 

considered as random events, which are fitted to a Poisson distribution for further quantification 

(Hindson et al., 2011). Accordingly, unlike quantitative PCR (qPCR), ddPCR does not require a 

standard curve. ddPCR holds an advantage over qPCR with its higher precision, especially in 

samples with a low biomass or low abundance of a target gene, thus reducing PCR bias against 

contaminants or environmental noises (Maheshwari et al., 2017; Sze et al., 2014; Taylor et al., 2017). 

ddPCR is not only efficient for assessing the total bacterial load (Raveh-Sadka et al., 2015; Sze et al., 

2014), but also for assessing the number of target gene copies (Maheshwari et al., 2017) or bacteria 

with target-specific primers (Baltrušis et al., 2019; Gobert et al., 2018; Srisutham et al., 2017). 

 In this chapter, genus-specific primers were used to estimate the load of specific bacterial 

genera of interest, namely Lactobacillus and Pelomonas, in addition to quantifying the total 

bacterial load. By targeting these with genus-specific primers, the chances of amplifying non-

specific bacteria or environmental noise is reduced.  

Lactobacillus was reported as the most abundant bacterial genus throughout the lung tissue 

samples of the AIL G15 mice and is a common microbe in murine lungs (Barfod et al., 2013; Kostric 

et al., 2017; Remot et al., 2017; Singh et al., 2017; Yun et al., 2014). In previous studies, Lactobacillus 

was shown to be associated with allergic pulmonary inflammation (Tomosada et al., 2013; Villena 

et al., 2012). Strains of Lactobacillus rhamnosus CRL1505 were given nasally to poly(I:C) (an 

immunostimulant to stimulate viral infections)- and RSV (respiratory syncytial virus)-challenged 

mice, which increased the level of various cytokines such as IFN-⍺, IFN-β, IL-6, IL-10, TNF-⍺, 

which all play a crucial role in viral infection and inflammation (Tomosada et al., 2013). Those 

mice treated with lactobacilli carried less viral load and maintained higher weight compared to 

controls (Tomosada et al., 2013). In another study, oral administration of Lactobacillus casei 

ameliorated an injury caused by Streptococcus pneumoniae lung infection, whereby the 

administration reduced symptoms of infection such as reduced alveolar airspaces, hemorrhage, 

and increased fibrosis in bronchial walls (Racedo et al., 2006). Oral administration of L. casei, in a 
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form of yogurt, was also shown to help reduce the number of CFU of Pseudomonas aeruginosa in 

the lungs of swiss albino mice (Alvarez et al., 2001). Lactobacillus is also known to play beneficial 

roles within other organs. For example, consumption of food such as yogurt and kimchi, of which 

the major bacterial component is Lactobacillus, helps with digestion and gut health (Kil et al., 2004; 

Oozeer et al., 2006; Pei et al., 2017; Perdigón et al., 1994). Yogurt with a mix of Lactobacillus and 

Streptococcus strains given to BALB/c mice reduced symptoms of inflammatory bowel disease 

(IBD), with decreased infiltrative immune cells and increased production of IgA cells compared to 

control mice (Gobbato et al., 2008). The administration L. casei was also found to provoke immune 

responses and delay tumor growth in mice with breast tumors (Aragón et al., 2014). Significant 

differences in cytokine levels, specifically a reduced level of IL-6, were observed in BALB/c mice 

given fermented milk, which can play a role in tumor growth and metastasis (Aragón et al., 2014). 

Overall, Lactobacillus strains have been broadly presented as beneficial bacteria to the host in the 

respiratory tract, intestinal tract, as well as in tumorigenesis in different organs. 

Pelomonas was another bacterial genus detected within the core microbiota of the AIL G15 

mouse lung that caught our attention as a genus previously found uniquely in the lungs (Barfod et 

al., 2013). It was found to have association with lungs, but its function or role is yet unknown 

(Borewicz et al., 2013). Pelomonas is a genus of Gram-negative bacteria that consists of 3 species, 

P. aquatica, puraquae, and saccharophila. These are often found in aquatic environments (Gomila 

et al., 2007) and hence also found on hydra (Murillo-Rincon et al., 2017). With its mechanism in 

hydra, we hypothesized that Pelomonas may be associated with lung functioning and lung disease 

susceptibility. 

In the previous chapter, the total bacterial load estimated using ddPCR was first used to 

identify putative contaminants such as Halomonas and Shewanella. In order to further investigate 

the link between the host and the lung microbial load, in this chapter QTL linkage mapping was 

performed on the load of total bacteria, Lactobacillus, and Pelomonas. We herewith demonstrate 

an improved detection limit in QTL mapping with ddPCR-derived bacterial load information and 

also a detection of significant QTLs, which included candidate genes that are associated with lung 

disease susceptibility. 

As a result of mapping, we detected two candidate genes, interleukin-10 (Il-10) and 

mitogen-activated protein kinase-activated protein kinase 2 (Mapkapk2 or Mk2), associated 

with Lactobacillus load at the DNA level. We measured the expression level of these candidate 
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genes using ddPCR in order to examine the relationship between Lactobacillus and these 

candidates at the transcript level. 

 

Aims 
o Establish a protocol for ddPCR on lung tissue and estimate the load of total bacteria, 

Lactobacillus, and Pelomonas. 

o Identify host-microbiota associations using QTL mapping on estimated bacterial loads. 

o Identify candidate genes within the confidence intervals of each trait that are potentially 

associated with lung functioning and/or diseases. 

 

 

Results 

 

Defining the absolute loads 

As mentioned in Chapter 1, the total bacterial load in each sample was assessed using 

ddPCR in order to confirm our hypothesis on determining putative contaminants, Halomonas 

and Shewanella. Additionally, loads of Lactobacillus and Pelomonas were assessed in order to 

apply them as quantitative traits for linkage mapping analysis. To determine the primer pair 

for estimating total bacterial load, preliminary tests were performed with three different primer 

pairs on lung and caecum tissue samples, each with three dilution series, 1:2, 1:5, and 1:100. 

With this test, a primer pair targeting the V2 hypervariable region of the 16S rRNA gene was 

selected, (Sze et al., 2014), which produced an appropriate separation between positive and 

negative droplets and produced accurate changes in the load according to the dilution series. 

Here, the optimal amount of template nucleic acid was determined to be 10ng in the final 20µL 

droplet mixture. Primers for Lactobacillus were selected similarly, but were additionally tested 

with DNA from various other bacteria (Lactobacillus, Enterococcus, Lachnospiraceae, 

Clostridium, Bacteroides, and Olsenella) to verify the target specificity. One primer pair, F-Lacto 

and R-Lacto (Delroisse et al., 2008) was chosen, which successfully amplified only Lactobacillus. 

A primer pair for Pelomonas was tested using Pelomonas bacterial DNA. With target specificity 

of ddPCR, absolute load assessment was performed at both DNA and RNA levels. 
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Absolute load as a trait for QTL mapping 

In the previous chapter, QTL mapping was performed on the relative abundances of a 

“filtered” dataset without the two contaminant taxa, in order to identify the host genomic 

regions affecting the variation in the lung microbial traits. Similarly, absolute loads were 

assessed and mapped as phenotypic traits, including the total bacteria load and two of our 

candidate taxa, Lactobacillus and Pelomonas, measured at both the DNA and RNA level for 242 

samples. For the two candidates, genus-specific primer pairs were used, which allows target-

specific measurement and also helps reduce the environmental noise to which universal 

primers are prone. 

Summary statistics were calculated in order to identify and determine the inter-

individual variability of the traits (Table S1), where greater variation was detected for 

individuals with higher bacterial load (p < 0.001, r = 0.9874). Then I tested the effects of 

variables such as body weight, age, sex, and cage information on the loads using ANOVA. Age, 

sex, and cage information have significant effects (p < 0.05) and were thus included as variables 

in the QTL mapping. Age and sex were included as fixed effects and cage information as a 

random effect, and the percentages of total variance explained by these effects were quantified. 

For example, the fraction of variance explained by cage is 0% for Lactobacillus load while 1% is 

explained for Pelomonas load (RNA). Overall, the majority of the variance in our absolute load 

traits remains as residual variation even after accounting for sex, age, and cage effects (Table 

S2).  

In order to identify host genomic regions associated with variation in lung microbial 

load, linkage mapping was performed on the ddPCR-derived data. Overall, I identified two 

significant (p < 0.05) QTLs. A region between 131.79 and 133.44 Mb on chromosome 1 is 

associated with variation in Lactobacillus load (DNA level) and a region between 21.98 and 

25.57 Mb on chromosome 4 is associated with variation in Pelomonas load (RNA level) (Fig. 1, 

Table 1). The confidence intervals are 1.65 and 3.6 Mb, and the number of genes in a given 

interval are 22 and nine, respectively. 

 In order to examine the variation of bacterial load in association with host genetics, 

the absolute loads as well as the relative abundances were compared among genotype categories 

at the peak SNPs, UNC1677482 and UNC6891976, associated with Lactobacillus and 

Pelomonas loads, respectively (Fig. 2, 3). A Kruskal-Wallis test revealed a significant association 

between Lactobacillus load (DNA) and host genotype, in which the load is significantly lower 
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in mice with a GG genotype, compared to those with AA or AG genotypes (p < 0.001). 

Lactobacillus relative abundances also show significant associations, where mice with an AA 

genotype carry a significantly higher fraction of Lactobacillus compared to the other two 

genotypes (p < 0.05). A Kruskal-Wallis test was also performed for Pelomonas load (RNA) on 

the genotypes of the peak SNP, which in contrast did not reveal any significance. However, the 

sample distribution is relatively biased towards the GG genotype with 194 samples, compared 

to only 3 samples for the AA genotype. The total bacterial loads were also examined among 

different genotypes at both peak SNPs, but no significant associations to the host genotype was 

detected (Fig. S2, S3). 
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Figure 1. Manhattan plots from QTL mapping of Lactobacillus absolute load at the 

DNA level and Pelomonas absolute load at the RNA level. A) Lactobacillus absolute load 

at the DNA level and B) Pelomonas absolute load at the RNA level. LOD score indicates 

the -log P value of the association between a locus and a phenotypic trait. Red and blue 

lines in the plots each indicate significant (p < 0.05) and suggestive (p < 0.1) thresholds. 
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Figure 2. Differences in absolute loads and relative abundances of Lactobacillus in each genotype 

of peak SNP, UNC1677482. Absolute load at A) DNA and B) RNA levels, and C) relative abundance 

of Lactobacillus are compared among genotypes of the peak SNP within the confidence interval from 

QTL mapping. Loads and relative abundances are log10-transformed and compared using Kruskal-

Wallis tests. p < 0.0001 ****, p < 0.001 ***, p < 0.01 **, p < 0.05 *, not significant “ns”. (n = 211) 
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Figure 3. Differences in absolute loads and relative abundances of Pelomonas in each genotype of 

peak SNP, UNC6891976. Absolute load at A) DNA and B) RNA levels, and C) relative abundance of 

Pelomonas are compared among genotypes of the peak SNP within the confidence interval from QTL 

mapping. Loads and relative abundances are log10-transformed and compared using Kruskal-Wallis 

tests. p < 0.0001 ****, p < 0.001 ***, p < 0.01 **, p < 0.05 *, not significant “ns”. (n = 242)   
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Candidate gene analysis 

Within each confidence interval of the Lactobacillus and Pelomonas QTLs, there are 21 

and nine underlying genes, respectively (Fig. 4A, C). Most genes within the intervals are related 

to one or more of the following processes: immune response, inflammatory response, cell 

apoptosis, and DNA repair. A number of genes are notable due to their proximity to the peak 

SNP and their role in lung functioning and disease susceptibility. On chromosome 1, the Mk2 

and the Il-10 genes are in close proximity to the peak SNP, UNC1677482 (Fig. 4A). Mk2 is a 

pro-inflammatory kinase while Il-10 is an anti-inflammatory cytokine. On chromosome 4 for 

Pelomonas load-associated QTL, several genes are detected within the confidence interval, but 

the peak SNP appears to be lie in an intergenic region (Fig. 4C). A list of genes especially those 

related to lung functioning and diseases are shown in Table 2. Pou3f2 and Mms22l are both 

related to lung cancer, such as non-small-cell lung carcinoma (NSCLC), whereas Klhl32 is 

related to COPD. Unlike the rest of the genes, the function of Klhl32 is poorly known. It is a 

protein-coding gene that shows a strong association with DNA methylation levels of a specific 

CpG-site (a cytosine base located adjacent to a guanine base) in subjects with COPD (de Vries 

et al. 2019).  

 Next, I estimated the effect of founder haplotype on the significant QTLs. Founder 

effects are estimated by calculating the association between founder haplotypes at each locus 

and the phenotypic trait. The chromosome 1 locus is shown to be most affected by the MRL 

strain while the locus on chromosome 4 is most affected by the CAST strain. For Lactobacillus 

load (DNA level), the MRL strain has the most effect, while Pelomonas load (RNA level) is most 

influenced by the CAST strain (Fig. 4B, D). MRL and NZM are known to be prone to 

autoimmune diseases, and CAST is a wild-derived line. MRL mice are also known to have an 

outstanding wound healing ability due to faster dermal cell regeneration along with the 

presence of healing QTLs such as heal1 and heal2 (Blankenhorn et al., 2003; Kench et al., 1999).  
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A) 
 
 
 
 
 
 
 
 
 
 
 
 
 
C) 

Figure 4. Confidence intervals of gene regions and founder effect plots. A) Lactobacillus absolute load 

(DNA level) on chromosome 1 and B) corresponding founder effects for Lactobacillus. C) Pelomonas 

absolute load (RNA level) on chromosome 4 and D) corresponding founder effect plot for Pelomonas. 

The location in Mb on each chromosome is shown on the x-axis. The red dotted line marks the peak 

SNP and dark red lines on each side indicate lower and upper limit of the interval. Founder effects are 

shown for each trait with chromosome in Mb on the x-axis with a grey dotted line indicating the peak 

SNP, while the y-axis represents the level of effect of each founder, CAST, MRL, and NZM. 
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Gene expression 

 We next prioritized two candidate genes due to their close proximity to a peak SNP 

and their known involvement in the regulation of inflammation in the lung, Il-10 and Mk2. 

Accordingly, ddPCR assays were performed on these genes in order to explore possible 

relationships between gene expression and Lactobacillus load and/or host genotype. As 

assessed by Spearman correlation between gene expression levels and Lactobacillus load (DNA), 

Il-10 expression did not display a significant difference according to genotype. On the other 

hand, Mk2 expression showed significantly negative correlation to Lactobacillus load (p < 

0.0001, r = -0.4837). In order to evaluate the association between gene expression level and host 

genotype, a Kruskal-Wallis test was performed. Here, 20 samples were randomly selected for 

each genotype and a total of 60 samples were used. Primers used are listed in Table 3. This 

revealed no significant difference according to host genotypes and Il-10 expression (Fig. 5). 

Mk2, in contrast, is expressed significantly less in individuals with an AA genotype and more 

in those with GG and heterozygous genotypes.   
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Figure 5. Gene expression levels at the peak SNP. Expression levels of A) Il-10 and B) Mk2 are 

measured for each genotype of the peak SNP, UNC1677482. Kruskal-Wallis test; p < 0.001 ***, p < 

0.01 **, p < 0.05 *, not significant “ns”. (n=60) 
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Discussion 

 

Approaching QTL mapping with absolute load data 

 As lungs display low microbial biomass, and hence a generally low copy number of the 

bacterial16S rRNA gene (Sze et al., 2014), we are challenged to distinguish between a real signal 

and environmental noise when using a PCR amplicon-based sequencing approach. In order to 

capture the true residents, we first analyzed lung microbiota at the bacterial transcript (RNA) level 

and took a multitiered approach of 16S rRNA gene sequencing and ddPCR. 

 In this study, we expanded our previous work on the G15 AIL population by examining the 

absolute load of bacteria using ddPCR, a highly sensitive quantitative PCR method for quantifying 

copies of a target sequence by partitioning samples into approximately 20,000 oil-capsulated 

droplets. There are advantages in using ddPCR to measure absolute loads, as ddPCR itself carries 

high precision by creating individual droplets and this can help reduce PCR bias against 

contaminants or environmental noise, especially by using target-specific primers (Maheshwari et 

al., 2017; Sze et al., 2014; Taylor et al., 2017). However, as mentioned in a previous study (Sze et al., 

2014), the nucleic acid input has to be controlled due to aspects of the partitioning technology of 

droplets, as well as the calculation based on Poisson modeling. Moreover, one should note the 

primer compatibility with the samples and DNA concentration when starting ddPCR as primers 

targeting different hypervariable regions of the 16S rRNA gene have varying levels of sensitivity 

and specificity. With this PCR method, the chances of amplifying environmental noise can be even 

further reduced by adapting genus-specific primers. Examining the absolute abundance of specific 

genera improved our confidence and strength of mapping, and allowed us to identify strong 

candidate genes as a result. qPCR can be applied to samples with greater bacterial biomass, but 

ddPCR will be more useful in samples like lungs and skin with low bacterial abundance in order to 

overcome such challenges. Studies comparing the two methods pointed out the lower detection 

limit of qPCR as its weakness for studies on low biomass samples, yet showing greater noise to 

signal ratio shown through negative controls (Sze et al., 2014) and inconsistent results in diluted 

samples with contamination (Taylor et al., 2017). Taylor et al. (2015) also points out advantages of 

ddPCR especially for studies over a long period of time due to its high-precision technology and 

thus being able to produce stable results.  
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Host-microbiota association 

 Absolute quantification not only reduced environmental noise but also refined the data for 

QTL mapping. Two taxa, Lactobacillus and Pelomonas, were quantified using genus specific 

primers at both the DNA and RNA levels. While relative abundance based on 16S rRNA gene 

profiles (Chapter 1) of the two did not reveal significant associations with the host genome, their 

absolute load information, in contrast, did. Lactobacillus is a genus known to be found in the 

murine lungs (Barfod et al., 2013; Singh et al., 2017; Yun et al., 2014) and was the most abundant 

genus throughout G15 murine lung tissue samples. Pelomonas was a genus of interest as this was 

found only in the lungs (but not in the intestines nor vagina) according to a previous study (Barfod 

et al., 2013). Genes found within the confidence intervals on mouse chromosomes were often 

related to various lung diseases and host inflammatory responses. Pou3f2 (class III POU gene 2), 

one of the candidate genes in the confidence interval of the Pelomonas QTL, was found to play a 

role in proneuronal/neuroendocrine differentiation of lung cancer cells, in which the gene was 

expressed in small cell lung cancer (SCLC), and its induced expression led to 

proneuronal/neuroendocrine gene expression in non-SCLC (NSCLC) cells (Ishii et al., 2014). 

Another gene included within the confidence interval of Pelomonas QTL, Mms22l (methyl 

methanesulfonate‐sensitivity protein 22‐like) was previously found to be over-expressed in clinical 

and esophageal cancers, playing a role in growth and survival of cancer cells (M. H. Nguyen et al., 

2012). This gene was suggested to have an impact on the efficacy of DNA-damaging agents, as the 

knockout of the gene enhances cancer cell apoptosis (M. H. Nguyen et al., 2012). Based on these 

observations, we can speculate that Pelomonas may play a role in susceptibility to lung cancer 

and/or other lung diseases in association with these candidate genes. According to studies in a 

different field apart from the mammalian lung microbiota, Pelomonas contributes to fungal 

resistance and contraction frequency in hydra (Fraune et al., 2015; Murillo-Rincon et al., 2017). 

Irrespective of the different host species, it is intriguing to note the mechanism and strategy 

Pelomonas carries. In hydra, small molecules such as amino acids can influence contraction 

frequency and activity including GABA (gamma-Aminobutyric acid) (Murillo-Rincon et al., 2017). 

It is intriguing to discover that GABA is one of the amino acids that is also found in pulmonary 

neuroendocrine cells (PNEC), distributed along the alveolar airway epithelium (Yabumoto et al., 

2008). The study shows that GABA can play a role through its receptors in the epithelial cells of 

murine lungs (Yabumoto et al., 2008). Another study shows that GABA is indeed mainly produced 

in PNEC in primates and can affect mucus production, together with IL-13 (Barrios et al., 2019). 
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Based on these studies, we speculate a potential role played by Pelomonas upon GABA, which could 

then affect lung functioning. Suggested future studies would be to investigate knockout mice of one 

of the above candidate genes or examine differences in gene expression according to the presence 

or absence of Pelomonas in the lungs. 

 Genes that are detected near or at the peak SNP within the interval are more intriguing to 

examine as this SNP implies a statistically high association between a locus and a phenotypic trait, 

such as candidate bacterial loads. In order to investigate further into the association between 

Lactobacillus load and the two candidate genes, gene expression analysis was conducted using 

ddPCR, which revealed a significantly negative correlation between Lactobacillus load and the Mk2 

gene. On the other hand, the Il-10 expression did not show any correlation. Indeed, MK2 as a 

substrate of p38MAPK pathway plays a role in immune response during bacterial and viral infections, 

and can affect translation of IL-10 and its transcript stability (Bode et al., 2012; Ehlting et al., 2016). 

The p38MAPK pathway, which includes MK2 as a downstream substrate, takes part in regulating cell 

apoptosis, inflammation, and tumorigenesis (Maruyama et al., 2009). Thus, genetic variants in this 

pathway or in MK2 may contribute to susceptibility to cancer.  

 Our AIL was produced by intercrossing three laboratory mouse strains, BXD2, MRL, and 

NZM, and one wild mouse strain, Mus musculus castaneus, or CAST. These strains were 

intercrossed with even sex and strain distribution for 15 generations (Belheouane et al., 2017). As 

we determined which strain had the most impact on the mapping result, the MRL strain showed 

the strongest founder effect on the QTL of Lactobacillus load on chromosome 1, and CAST on the 

QTL of Pelomonas load on chromosome 4. MRL and NZM are strains developed to be prone to 

autoimmune diseases, whereby the mice can display symptoms when triggered. With these strains, 

we are thus able to examine genes associated with host susceptibility to autoimmune diseases.  

 

Candidate genes & gene expression 

 MK2 is part of the feedback and crosstalk mechanisms that modulate the macrophage 

response towards inflammatory mediators, and responds to both lipopolysaccharide (LPS)- and 

virus-induced infection of macrophages, which then induce various other signals such as cytokines 

(Ehlting et al., 2016; Kotlyarov et al., 1999; Ronkina et al., 2007). Thus, it is involved in 

transcriptional and post-transcriptional regulation of cytokine expression. In the study by Ehlting 

et al. (2016), the role of MK2 in viral infection was examined in macrophages as well hepatocytes, 

where it was found to be required for up-regulation of IL-6, IL-10, and TNF-⍺. MK2 was also found 
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to play a role in IL-10 transcript stability by down-regulating TTP, a mRNA-degrading protein 

(Cao et al., 2003; Marchese et al., 2010; Ronkina et al., 2007; Tudor et al., 2009).  IL-10 transcript 

stability was reduced in Mk2 knockouts, while it was maintained in TTP knockout macrophages, 

but was reduced again when those TTP knockout macrophages were given deoxycycline to 

reconstruct TTP (Ehlting et al., 2016). Here, we recognize the role of MK2 in different pathways, 

which then affect other pathways and the expression of cytokines. Overall, it is important to note 

the potential role of MK2 on host inflammation and disease susceptibility, as it controls the 

expression and production of IL-10 and other cytokines. 

 The functional relationship between Lactobacillus and MK2 and/or IL-10 is yet unclear. 

Strains of Lactobacillus have previously been shown to induce IL-10 and other cytokines and to 

ameliorate inflammation (Racedo et al., 2006; Villena et al., 2012), but another study showed that 

the effect was short-termed in vitro (Noguchi et al., 2012). Nasal administration of L. casei helped 

lung recovery from S. pneumoniae (Racedo et al., 2006) and oral administration of L. rhamnosus 

instigated changes in cytokine levels that resulted in recovery from lung injury induced by poly(I:C), 

an immunostimulant similar to viral infection, with symptoms including pulmonary inflammation 

(Villena et al., 2012). It is possible that the presence of Lactobacillus and its metabolites may send 

a positive or negative feedback to p38MAPK and its downstream signals, which then play a role in lung 

functioning and recovery. Alternatively, active or inactive Mk2 expression and subsequent IL-10 

expression may affect the survival of Lactobacillus in the lungs. 

 As the Il-10 expression data did not show any correlation to host genotypes, we speculate 

a potential macrophage specific effect measured in whole lung tissue. In murine lungs, IL-10 is 

produced majorly via interstitial macrophages (Kawano et al., 2016). However, as we extracted 

RNA from partial lung tissue, we speculate that it might not be sufficient to capture differences in 

expression considering where the gene is expressed within the tissue or organ. Although I 

performed ddPCR in order to estimate the number of macrophages, the primer pair was not 

specific for interstitial macrophages and accordingly did not produce any significant results (Fig 

S4). As a follow-up experiment, ddPCR measurement specifically for interstitial macrophages can 

be conducted. Single cell RNA-sequencing could also be conducted in the future, which is able to 

capture specific gene expression in each cell.   
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Conclusion 

 

 Although the lungs were traditionally viewed as sterile in healthy individuals, it is 

becoming increasingly clear that microbes inhabit the lower airway tract and likely contribute 

to disease susceptibility. Using a QTL mapping approach and high-precision ddPCR to 

describe bacterial communities without the need to cultivate (i.e. metagenomics), we examined 

the link between individual lung bacterial groups and markers in the host genome, in an effort 

to identify host genes that influence lung microbes and may play a role in lung functioning and 

disease susceptibility. For example, the amount of Lactobacillus, a common lung microbe, 

displays a strong association with a region of mouse chromosome 1 containing interesting 

candidate genes such as Il-10 and Mk2, which are known to play a role in lung disease. Through 

our in-depth study on the murine lung microbiota, we generated novel working hypotheses for 

the impact of candidate bacteria and disease genes on host inflammatory responses in the lung, 

which will be explored in future work. 
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Methods 

 

Sample preparation 

DNA and RNA extracted from G15 AIL mouse population were used for ddPCR. This 

population is a result of intercrossing 4 mouse strains, MRL/MpJ, NZM2410/J, BXD2/TyJ, and 

CAST/EiJ, with equal sex and strain distributions for 15 generations (Belheouane et al., 2017; 

Srinivas et al., 2013). Lung tissues were preserved RNALater (Invitrogen) and at -20C until 

extraction using AllPrep 96 DNA/RNA kit (QIAGEN). Reverse transcription of RNA samples 

was performed using High-Capacity cDNA Reverse Transcription Kit (Applied Biosystems) by 

adding 10µL RNA. Refer to Chapter 1 for details. 

 

Digital droplet PCR (ddPCR) process 

i. Determination of primer pair and template load 

First, we used DNA and RNA from multiple tissue samples of lung, skin, and caecum, 

and prepared dilutions (1:2, 1:5, 1:10) in order to confirm the compatibility of our chosen 

primers to lung tissue samples and determine the concentration of DNA and RNA that allows 

a good separation between positive and negative droplets. For the purpose of testing, 3 bacterial 

primer pairs were used (Table 3) and the one highlighted, targeting the V2 hypervariable region 

of the 16S rRNA gene, was chosen, as it produced a good separation between positive and 

negative droplets throughout different samples. Based on the dilution series, we concluded to 

add templates so that 10ng of DNA or cDNA is mixed into the final droplet mixture. DNA 

samples were measured using NanoDrop 1000 (Thermo Scientific) and were diluted to the 

lowest concentration (2.5ng/µL) among samples. Concentrations of RNA were also measured 

(in Chapter 1) and normalized to 100ng/µL, and 10uL of each RNA sample was used in reverse 

transcription for cDNA using High-Capacity cDNA Reverse Transcription Kit (Applied 

Biosystems).  

As the DNA and cDNA template input amount was determined above, only target 

specificity and annealing temperatures were tested for genus-specific primer pairs. Annealing 

temperature for primers were determined by gradient PCR, whereby 60°C for the primer pair 

for total bacteria was chosen. For Lactobacillus, primers were tested for target specificity by 

PCR amplification and gel electrophoresis using different bacterial DNA of Lactobacillus, 

Enterococcus, Lachnospiraceae, Clostridium, Bacteroides, and Olsenella. The final primer pair, 
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highlighted in the table, was chosen as it amplified only Lactobacillus while other primer pairs 

also amplified other genera as well. Regarding primer pairs for Pelomonas, the sequences of the 

16S rRNA gene of 3 species of Pelomonas (P. aquatica, P. puraquae, and P. saccharophila) were 

obtained through Geneious (v.10.2.3) and used to perform multiple alignment using Clustal 

W. The alignment was exported in FASTA format and used to design primers on R studio with 

the “DesignPrimers” function in the R package “DECIPHER” (v.2.12.0) to generate genus-

specific primers. Primers were tested on previously described bacterial DNA and Pelomonas 

DNA. Pelomonas culture was obtained from AG Prof. Dr. Thomas Bosch, CAU Kiel, and DNA 

was extracted using DNeasy UltraClean Microbial kit (QIAGEN), following the manufacturer’s 

instructions. The primer pair that amplified only Pelomonas was chosen. For assessing the 

expression level of the two candidate genes, Il-10 and Mk2, only lung samples were used to 

determine the input concentration. All primers are listed in Table 3 with final pairs highlighted 

with bold text.  
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Table 3. List of primers used for ddPCR, including test primers. Final pairs total bacteria and Lactobacillus are 

highlighted. 

 Primer 5’ – 3’ Reference 

Total bacteria 63F GCAGGCCTAACACATGCAAGTC (Sze et al., 2014) 

 355R CTGCTGCCTCCCGTAGGAGT  

 1048F GTGSTGCAYGGYYGTCGTCA (Raveh-Sadka et al. 2015) 

 1194R ACGTCRTCCMCNCCTTCCTC  

 F357 CCTACGGGAGGCAGCAG (Greathouse et al. 2018) 

 R534 ATTACCGCGGCTGCTGG  

Lactobacillus F-Lacto GAGGCAGCAGTAGGGAATCTTC (Delroisse et al., 2008) 

 R-Lacto GGCCAGTTACTACCTCTATCCTTCTTC  

 LbLMA1-rev CTCAAAACTAAACAAAGTTTC  (Dubernet et al. 2002) 

 R16-1 CTTGTACACACCGCCCGTCA   

 F_alllact TGGATGCCTTGGCACTAGGA (Haarman & Knol, 2006) 

 R_alllact AAATCTCCGGATCAAAGCTTACTTAT  

Pelomonas 
357F CGGGTTGTAAACCGCTTTTGT 

 
550R CGGGGATTTCACCTCTGTCT 

Il-10 IL-10F TGGCCCAGAAATCAAGGAGC (Kawane et al., 2010) 

 IL-10R CAGCAGACTCAATACACACT  

Mk2 7F GGGCACCATG CTGTCGGGCTC  (Sudo et al., 2005) 

 424R CGAGACACT CCATGACAATCAGC  

 

 

ii. ddPCR preparation 

The 20uL ddPCR mastermix included 1x of 2x QX200™ ddPCR™ EvaGreen SuperMix 

(BioRad), 1µL each of 2uM forward and reverse primers, H2O, and 10ng of either DNA or 

cDNA template. The mastermix was loaded into sample wells of DG8™ Cartridges for the 

QX200™/QX100™ Droplet Generator (BioRad) with 70µL of QX200™ Droplet Generation Oil 

for EvaGreen and DG8™ (BioRad). Approximately 35µL of droplets with oil was generated on 

QX200™ Droplet Generator. Droplets were transferred to 96-well, 250µL, semi-skirted PCR 

plates (Eppendorf) and sealed using piercable heat seal foil (BioRad). PCR conditions follow: 1 

cycle at 95℃ for 5 min, 40 cycles at 95℃ for 15 sec and 60℃ for 1 min, 1 cycle at 4℃ for 5 min, 

1 cycle at 90℃ for 5 min, and 10℃ forever. Final products were transferred to QX200™ Droplet 

Reader and quantified as gene copies per µL using BioRad QuantaSoft (v.1.7.4.0917). 
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QTL mapping 

 First, summary statistics on each ddPCR trait were calculated and then Pearson’s 

correlation test was done between the average load and variation in each trait in order to 

identify and determine inter-variability of the trait throughout the samples. Absolute loads of 

total bacteria, Lactobacillus, and Pelomonas were mapped as a phenotypic trait as described in 

Methods section (“QTL mapping”) in Chapter 1. As two significant (p < 0.05) (Belheouane et 

al., 2017) QTL were detected for two traits, Lactobacillus load (DNA) and Pelomonas load 

(RNA), these loads were compared among the genotypes at each peak SNP, UNC1677482 and 

UNC6891976, respectively, using a Kruskal-Wallis test. Although the genotype data for 

UNC6891976 was fully available for 242 samples, corresponding data for UNC1677482 were 

available for only 211 samples. 
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Supplements 

  

Figure S1. 2D graph of positive and negative droplets from ddPCR. Droplets are generated with a 

reagent mix including nucleic acid, primers, and ddPCR™ EvaGreen SuperMix, which has a fluorescent 

dye to help bind to target nucleic acid. This fluorescence is read through QX200 Droplet Reader and 

the results can be analyzed. 
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Figure S2. Total bacterial load among genotypes of the peak SNP. Total bacterial loads at A) DNA 

and B) RNA levels are compared among each genotype of the peak SNP, UNC1677482, of Lactobacillus 

QTL mapping. Kruskal-Wallis test: p < 0.0001 ****, p < 0.001 ***, p < 0.01 **, p < 0.05 *, not significant 

= ns. 
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Figure S3. Total bacterial load among genotypes of the peak SNP. Total bacterial loads at A) DNA 

and B) RNA levels are compared among each genotype of the peak SNP, UNC6891976, of Pelomonas 

QTL mapping. Kruskal-Wallis test: p < 0.0001 ****, p < 0.001 ***, p < 0.01 **, p < 0.05 *, not significant 

= ns. 
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Figure S4. Gene expression level of Il-10 relative to the number of macrophages.  Expression 

level of Il-10 relative to the number of macrophages (as estimated by ddPCR targeting Emr1 of 

macrophage) in each sample (n=20 for each genotype) was assessed and compared among 

genotypes of the peak SNP, UNC1677482. Kruskal-Wallis test: p < 0.0001 ****, p < 0.001 ***, p < 

0.01 **, p < 0.05 *, not significant = ns. 
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Table S1. Summary statistics of ddPCR CMM traits. (n=242) 

 Traits min max mean std.dev coef.var var 

DNA Total Bacteria 0 208 34.511 25.264 0.732 638.276 

 Lactobacillus 0 196 7.610 18.316 2.407 335.481 

 Pelomonas 0 102 14.810 21.058 1.422 443.419 

RNA Total Bacteria 14.6 7440 243.933 736.298 3.018 542135.125 
 Lactobacillus 0 6900 94.047 491.322 5.224 241397.798 

 Pelomonas 1 83 29.785 25.155 0.845 632.763 

 

(min = minimum, max = maximum, std.dev = standard deviation, coef.var = coefficient variation, var = 

variation) 
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Table S2. Portions of variance explained by explanatory variables. 

  Variance component % Total Variance Fixed Structure 
 Traits Cage Residual Cage Residual R2m 

DNA Total Bacteria 2.44E-19 9.25E-02 0.00 100.00 0.03645978 

 Lactobacillus 6.65E-17 5.59E-01 0.00 100.00 0.01347863 

 Pelomonas 2.44E-17 8.01E-01 0.00 100.00 0.000113983 

RNA Total Bacteria 9.38E-03 2.22E-01 4.04 95.96 0.07380843 

 Lactobacillus 4.50E-17 9.01E-01 0.00 100.00 0.160099 

 Pelomonas 0.003274 0.322789 1.00 99.00 0.06486212 
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Introduction 

 

Mammals carry out various mechanisms in order to fight and defend against infections. 

Many genes are involved in these different mechanisms, including the anti- or pro-

inflammatory pathways. Interleukin-10, or IL-10, is a well-known anti-inflammatory cytokine 

that is produced by numerous immune cells but majorly from macrophages and monocytes in 

the lungs (Kawano et al., 2016; Sabat et al., 2010), and it modulates the function of several 

adaptive immunity-related cells. Generally, the release of IL-10 as an immunosuppressive 

molecule limits and terminates inflammatory responses (Moore et al., 1993), as it takes part in 

influencing functions of macrophages and/or monocytes. It inhibits antigen presentation by 

macrophages/monocytes, as well as the release of immune mediator such as TNF-⍺, IL-1β, IL-

6 (Sabat et al., 2010). 

In previous studies, mice with the Il-10 gene deficiency were shown to display colitis 

unless they are under germ-free condition (Kühn et al., 1993; Madsen et al., 1999). With 

microorganisms present in the gut, certain groups of bacteria can help reduce the susceptibility 

to- or severity of inflammation. When probiotics are given, gut inflammation and tumor 

development can be reduced in Il-10 knockout (KO) mice (O'mahony et al., 2001). The 

mechanisms of their probiotic effect are complicated, but the metabolites produced by gut 

microbes are often suggested (Mendes et al., 2019; O'mahony et al., 2001). Through these Il-10 

KO mouse model studies, we can understand that microorganisms and their byproducts 

initiate and modulate inflammation, which helps the host regulate mucosal immunity. 

While this mouse model is more often applied in studies on gut health, it is also applied 

on respiratory tract infection studies. In such studies, Il-10 deficiency in mice led to 

significantly reduced lung microbial load after Mycobacterium tuberculosis (Mtb) infection 

compared to wildtype mice (Redford et al., 2010). In these mice, a prolonged increase in IFN-

ɣ and CD4+ T cells was observed throughout the infection, which indicates an enhanced 

immune response in the absence of Il-10 in the lungs. Without the anti-inflammatory cytokine, 

the mice were able to control and defend against Mtb infection in association with an improved 

Th1 response. IL-10 is also associated with other lung diseases such as asthma (S. Lim et al., 

1998; Lyon et al., 2004) and chronic obstructive pulmonary disease (COPD) (Seifart et al., 2005). 

As a crucial modulator in airway inflammation, the frequencies of inflammatory response gene 

polymorphisms in Il-10 showed significance between lung cancer patients and controls (Seifart 
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et al., 2005). Here, genotypes carrying a certain polymorphism of Il-10 promoter was associated 

with the presence of small cell lung cancer (SCLC). Lyon et al. (2004) examined six Il-10 SNPs 

corresponding to asthma severity, in which a population-based analysis revealed an association 

between certain loci and asthmatic phenotypes.  

In Chapter 2, we detected an association between Lactobacillus load at the DNA level 

and a host genomic region on chromosome 1, which included two candidate genes, one of 

which was the Il-10 gene. The exact mechanism behind this association is yet unclear, e.g. 

whether Lactobacillus acts as a probiotic, and/or Il-10 expression leads to changes in 

Lactobacillus bacterial load. Madsen et al. (1999) detected a decrease in Lactobacillus species 

level in the colon of Il-10 KO mice and were able to ameliorate symptoms of colitis by restoring 

them. While there have been studies on the effect of Lactobacillus within the gut (through oral 

administration) and upon lung diseases as probiotics (Chiba et al., 2013; Ezendam & van 

Loveren, 2008), studies have rarely looked into the bacterial composition or Lactobacillus load 

in the lungs in relation to the Il-10 gene and associated lung diseases. Tomosada et al. (2013) 

examined mice with nasally administered Lactobacillus species and found modulated 

immunity, such as an overall increased TNF-⍺ and IL-10 concentrations in bronchoalveolar 

lavage (BAL) samples. In their study, introducing a viral pathogen caused an increase in pro-

inflammatory cytokines such as IFN-⍺, IFN-β, IFN-ɣ, TNF-⍺, IL6, and IL10. They also showed 

that an administration of Lactobacillus species increased the level of these cytokines even more, 

with certain species exerting greater effect than others. Such studies show the 

immunoregulatory capacity of these species, considering them as “immunobiotics.” 

In these contexts of previous research and our own QTL mapping results, the following 

questions arose: 1) do Lactobacillus abundances change according to the presence/absence of 

the Il-10 gene? 2) how does lung microbial composition vary according to Il-10 genotype? To 

answer these questions, I proceeded to perform a follow-up study with Il-10 KO mice available 

in our mouse facility (MPI for Evolutionary Biology, Plön, Germany).  

 

Aims 

o Identify Lactobacillus relative abundance according to Il-10 genotype. 

o Identify changes in lung microbial composition according to Il-10 genotype. 



 Chapter III 

 

 93 

Results 

 

Lung microbiota overview 

 In my previous lung microbiota study on the AIL G15 population, the Il-10 gene was 

detected as one of the candidate genes associated with Lactobacillus load through QTL 

mapping analysis (see Results in Chapter 2). Following up on this finding, we started with 

breeding Il-10 KO mice that were available in our mouse facility. Selected mice of each 

genotype were dissected and lung tissue samples were processed following our protocol (see 

Methods in Chapter 1). Using reverse-transcribed RNA samples, 16S rRNA gene sequencing 

was performed, targeting the V1-V2 region of the gene.  After sequencing, 11,992 unique 

sequences were obtained and the “decontam” package was applied using the prevalence 

method with threshold of 0.1 in order to remove contaminants. 

Overall, Pseudomonas is the most abundant genus throughout the samples, followed by 

Staphylococcus, Propionibacterium, and Serratia (Fig. 1). Although not significant (p > 0.05), 

unclassified GpI and Paracoccus appear at higher abundance in wildtype mice compared to the 

other two genotypes, whereas Unclassified GpI is not found in KO mice. Although not 

significant, Streptococcus also appears more frequently in homozygous (HO) mice. At the 

phylum level, Proteobacteria is most abundant, followed by Actinobacteria, Firmicutes, and 

Cyanobacteria/Chloroplast.  

 

Community variation among genotypes 

 Variation in the microbial communities among genotypes were examined using alpha 

and beta diversity measures. No significant difference was found among genotypes for richness, 

diversity, and evenness indices (Fig. 2).  

For beta diversity, Constrained Analysis of Principal Coordinates (CAP) with Bray-

Curtis dissimilarity (Linnenbrink et al., 2013) was applied for beta diversity analysis, which also 

revealed no significant differences among genotypes (Fig. 3A). The effects of variables such as 

sex, cage, and cross (of F0 – whether the “grandmother” is Il-10 KO or HO) on beta diversity 

were evaluated by MANOVA. Here, none of the variable showed a significant effect (p > 0.05). 

Additionally, weighted and unweighted UniFrac distances were measured in order to examine 

the community structure incorporating bacterial phylogenetic information, but similarly, no 

significant differences were observed according to Il-10 genotype (Fig. 3B, C, respectively).  
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Although the major goal of the study was to examine the Lactobacillus according to Il-

10 genotype, its abundance was very low, which may be due to different housing location 

and/or condition from G15 population. Nonetheless, the presence as well as the abundance of 

Lactobacillus was examined and showed a random distribution throughout the samples (Table 

1). For the purpose of another study, signs such as colon inflammation and inflamed lymph 

nodes were noted for male mice. These signs were displayed by mouse ID 1949, which is Il-10-

deficient.  
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Table 1. List of samples carrying Lactobacillus and their matching metadata. Signs of diarrhea, colon 

inflammation, and hair loss as well as enlarged lymph nodes are noted with + and – symbols, where + 

indicates the presence of the symptom(s). 

Mouse ID Cross Sex Genotype Cage Diarrhea Colon 
Inflammation Lymph Node Hair Loss 

498  BL6f f -/- 520 - NA NA - 

1932  BL6f f +/- 1671 - NA NA + 

446  BL6f f +/- 1639 - NA NA - 

447  BL6f f +/- 1639 - NA NA - 

1557  BL6f f +/- 2859 - NA NA - 

1931  BL6f f +/+ 1671 - NA NA - 

1841  BL6f m -/- 1204 - - + - 

1552  BL6f m -/- 2855 - - - - 

1083  BL6f m -/- 192 - - - - 

1084  BL6f m +/+ 192 - - - - 

1544  BL6f m +/+ 65 - - - - 

1559  BL6f m +/+ 2860 - - - - 

9979  IL10f f -/- 1629 - NA NA - 

1043  IL10f f +/- 114 - NA NA - 

730  IL10f f +/+ 1556 - NA NA - 

1949  IL10f m -/- 23 + + + - 

713  IL10f m -/- 1514 + - - - 

2122  IL10f m +/- 3058 - - - - 

1950  IL10f m +/- 23 - - - - 

9974  IL10f m +/- 1601 - - - - 

1948  IL10f m +/- 23 - - - - 

724  IL10f m +/+ 667 - - - - 
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Figure 1. The phylum and genus level comparison among Il-10 genotypes. A) The four most 

abundant phyla and B) the ten most abundant genera for each genotype. 
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Figure 2. Alpha diversity measures among Il-10 genotypes. A) Chao1; B) Shannon; C) Simpson. 

A)                B) 

C) 
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A) 

 

Figure. 3. Bacterial community comparison between Il-10 genotypes. Beta diversity measures 

using Constrained Analysis of Principal Coordinates (CAP) with A) Bray-Curtis dissimilarity, B) 

Weighted UniFrac, and C) Unweighted UniFrac, examining the differences in microbial 

communities among different IL-10 genotypes. 

C) 

 

B) 
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Discussion 

 

In the previous chapters, several candidate genes were identified including Il-10 from 

QTL mapping of Lactobacillus load. In this chapter, a follow-up study was performed using an 

Il-10 knockout model. Although the overall results were negative, the Lactobacillus abundance 

is very low, detected only in twenty-two mice. The composition of lung microbiota is also 

different from that of the G15 mouse population, as these mice carried high abundance of 

Pseudomonas, Propionibacterium, and Staphylococcus, in comparison to a high abundance of 

Lactobacillus, unclassified Lachnospiraceae, and Pelomonas in G15 mice. This may result from 

different breeding locations and facilities between the two populations, which is indeed one of 

the many factors that affect microbial composition (Guo et al., 2019). This follow-up project 

was initiated as Il-10 KO mice were already available in our facility, which could be used for 

immediate breeding and further experiments. Such big differences in lung microbial 

communities between two populations may not have been unexpected, but previous studies 

have observed such differences according to different housing locations, mouse vendors, and 

mouse genetic backgrounds (Guo et al., 2019; Mähler & Leiter, 2002). Guo et al. (2019) showed 

the importance of resident microbiota in cases of lung transplantation using mice from 

different vendors. As the mice carried varying microbiotas, reactions to transplantation varied, 

with some exhibiting rejection. In addition to these environmental factors, the genetic 

backgrounds of the mice, whether BALB/c/129 or C57BL/6, can affect the results (Eisener-

Dorman et al., 2009; Seong et al., 2004). Different strains tend to display a wide range of 

different behaviors, and the BALB/c/129 strain is known to carry genetic contamination, which 

led to a division of the strain into several lineages (Eisener-Dorman et al., 2009).  

 The Il-10 KO mouse model is most commonly used in gut inflammation studies due 

to its characterization in causing colitis (Büchler et al., 2012; Dann et al., 2014; Kühn et al., 1993; 

Nagalingam et al., 2013; Sturlan et al., 2001). Il-10 gene depletion causes colitis in mice under 

specific-pathogen-free (SPF) condition, but not in a germ-free condition (Sellon et al., 1998). 

Colitis is affected by different factors such as genetic background and the presence/absence of 

certain bacteria; thus, the composition of gut microbiota affects the host’s susceptibility to 

diseases. In a study of Il-10 KO mice with Helicobacter hepaticus infection, the severity of 

disease was dependent on the microbial community structure and the disease was initiated in 

the presence of indigenous community (Nagalingam et al., 2013). It is also interesting to note 
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the role of IL-10 in the immune response. When wildtype control and Il-10 deficient mice were 

challenged with Citrobacter rodentium, those mice deficient in IL-10 performed better in 

attenuating and controlling infection-associated colitis (Dann et al., 2014). It was an 

unexpected observation for the authors and is quite intriguing considering the anti-

inflammatory role of IL-10. However, this study model with Il-10 KO mice suggests an 

enhanced IL-27 production and restricted Th17 response that take over the anti-inflammatory 

mechanism in absence of IL-10. 

The Il-10 KO mouse model is also used in lung studies, as IL-10 deficiency similarly 

leads to inflammation in the lungs (Guilbault et al., 2002; Shanley et al., 2000), increases risk of 

susceptibility to asthma (Kawano et al., 2016; S. Lim et al., 1998) as well as COPD (DeMeo et 

al., 2008). It is further used to study lung infection with Pseudomonas aeruginosa (Guilbault et 

al., 2002) and Mycobacterium tuberculosis (Mtb) (Redford et al., 2010) in terms of disease 

clearance or susceptibility. Guilbault et al. (2002) examined P. aeruginosa infection in wildtype 

and Il-10 KO mice, revealing higher sensitivity to infection in KO mice, characterized by weight 

loss, bacterial burden, and cellular inflammatory response. Changes in the lung bacterial load 

with infection are also relevant. For example, Redford et al. (2010) examined murine lung 

bacterial load with real-time PCR and detected a reduced bacterial load as well as accelerated 

response to Mtb infection in the absence of IL-10.  

Expanding on previous studies, our study aimed to evaluate a potential role of the lung 

microbiota in Il-10 deficiency. While the initial results seem negative, several future studies are 

suggested. During dissection, caecum and colon samples were collected from these mice, which 

could be used to explore the gut-lung axis. Both the lung and gut carry bacteria that produce 

the short-chain fatty acids (SCFA) such as Firmicutes, Bacteroidetes, and Proteobacteria. The 

“crosstalk” between the microbiota of two sites can occur through these SCFAs, either through 

lymph nodes by antigen-presenting cells or through the bloodstream, as the bacterial 

products/metabolites are transferred from the intestinal mucosa to the lungs, or vice versa 

(Invernizzi et al., 2020). Such crosstalk is intriguing, as we would expect the affected microbiota 

at one site to be followed by changes at another site. Noverr et al. (2005) reported a 

development of airway allergic disease in mice in the absence of gut microbiota, which was 

depleted by the use of antibiotics. Another study found an acute lung injury caused by the 

administration of LPS to the lungs lead to an increase in bacterial load in the caecum and the 

bloodstream (Sze et al., 2014b). This study demonstrates the potential for crosstalk between 
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microbiota at different sites, as such acute exposure to LPS disrupts the lung microbiota, which 

lead to translocation of bacteria into the bloodstream. Similarly, in a study by Schuijt et al. 

(2016), mice depleted of gut microbiota showed a delay in bacterial infection clearance and 

reduced pulmonary cytokine concentrations. In the present mouse model, a collective study of 

both gut and lung microbiota would be more informative and enable us to help better 

understand the overall mechanism and role played by microbiota in host immunity.  

In addition to the further insight that could be gained by examining the gut-lung axis, 

other drawbacks of the present study could be addressed in the future to assess the potential 

that the current observations represent a false negative. In the previous chapter, the association 

between Lactobacillus and the host genome was evaluated using ddPCR. ddPCR is able to 

effectively measure the number of target bacteria especially in samples with low bacterial load. 

It is likely that lung samples carry low bacterial load, as indicated by difficulties in library 

preparation and sequencing due to the overwhelming amount of host nucleic acid. Extra steps 

were required in order to remove host nucleic acid prior to and after sequencing. As the Il-10 

gene was detected from QTL mapping of Lactobacillus load, it may be more informative to 

examine in the same manner in these Il-10 mice samples. With high-precision ddPCR, effective 

estimation of Lactobacillus load can be performed. Another aspect in the previous study was 

gene expression results from the Il-10 and Mk2 genes. As Mk2 has been shown to affect the 

expression Il-10 (Cao et al., 2003; Marchese et al., 2010; Ronkina et al., 2007; Tudor et al., 2009), 

examining Mk2 expression with ddPCR in these mice would provide further information 

regarding the feedback between the two genes. 
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Conclusion 

 

Following the detection of the Il-10 and Mk2 genes from QTL mapping of Lactobacillus 

load in the previous chapter, I performed an experiment with an Il-10 KO mouse model. The 

aims were to examine differences in the lung microbial community and differential abundances 

of Lactobacillus among Il-10 genotypes. Potentially due to low bacterial load, sequence reads 

were low compared to the sequencing results from the G15 mice, and I was thus not able to 

obtain optimal results from relative abundance data. However, this chapter reveals preliminary 

results regarding lung microbiota in Il-10 KO mouse model, as previous studies mostly focus 

on bacterial load but not the community composition. As Il-10 and Mk2 are involved in 

immune responses, this Il-10 KO model would be able to help us better understand the 

relationship between the two genes and how Mk2 gene expression levels change in presence or 

absence of the Il-10 gene.  
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Methods 

 

Mice breeding 

Il-10 KO and wildtype C57BL/6 mice (Jackson Laboratories, Maine, USA) were first 

mated at age of 8-10 weeks producing heterogeneous F1 mice. Here, two crosses were created 

whereby the F1 population was generated between Il-10 KO females and C57BL/6 males, and 

between C57BL/6 females and Il-10 KO males, in order to reduce potential “grandmother” 

(Rausch et al., 2017) or legacy effects. These heterozygous F1 mice were mated within each cross 

at age of 10 weeks, which included 11 pairs from the first cross of F1 mice and 11 pairs from the 

second cross. F2 mice were weaned at an age of 3 weeks and were managed so that males or 

females from the same litter were kept in the same cage. Mice were maintained in individual 

ventilated cages (IVCs), type II long (TecniplastⓇ, Greenline) in our specific pathogen-free 

facility (MPI für Evolutionsbiologie, Plön, Germany) at a 12-h light/dark cycle. Decalcified 

water and food (1324, fortified, from Altromin) were provided ad libidum. Mice were provided 

with bedding from Rettenmaier, FS14, and nesting material (Baumwollnestlets PlexxⓇ, 14010). 

All materials were autoclaved prior to introducing into the barrier and to the animals. 

 

Genotyping 

 Once the F2 mice reached the age of 3 weeks and weaned, their ears were punched for 

identification and those ear punches were collected for genotyping. Genotyping was performed 

using a simple NaOH treatment of the tissue to extract DNA. First, 150uL of 50nM NaOH 

(Roth) was added to the ear punch tissues and heated at 98ºC for 30 minutes. Then the sample 

tubes were vortexed and returned to heat for 30 more minutes. Next, samples were neutralized 

with 15uL of 1M Tris at pH 8 and vortexed. Resulting DNA samples were stored at -20ºC. 

Genotyping primers were ordered through Metabion with the following sequences: CCA CAC 

GCG TCA CCT TAA TA for mutant reverse, CTT GCA CTA CCA AAG CCA CA for common, 

and GTT ATT GTC TTC CCG GCT GT for wildtype reverse (The Jackson Laboratory). The 

PCR master mix included 5uL of Multiplex PCR Buffer (QIAGEN), 0.2uL of each primer 

(10uM), and 2.4uL H2O, and the PCR program followed: 10 minutes at 94ºC, 35 cycles of 60 

seconds at 94ºC, 30 seconds at 67ºC, and 60 seconds at 72ºC, and extension for 5 minutes at 
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72ºC, and hold at 12ºC. PCR products were confirmed on 1% agarose gel that was run at 100V 

for 45 minutes. 

 

Dissection & DNA/RNA extraction 

 Ten mice on average (ranging between nine and 15) were selected from each sex of 

each genotype from each cross for tissue extraction at 4-month or 17-week age. F2 mice were 

initially planned for dissection at age of 6-month, which is similar to the age range of G15 mice 

(between 4 and 6 months) (Belheouane et al., 2017) and is when the lung microbiota has 

developed to a stable stage (Kostric et al., 2017). However, this had to be shortened to 4 months, 

or approximately 17 weeks, as some of the knockout mice started to suffer with symptoms of 

gut inflammation such as diarrhea.  A total of 84 mice were chosen with even sex and cage 

distribution as much as possible in order to reduce external effects. For tissue extraction, mice 

were killed by CO2 exposure and all tools were cleaned and sterilized with filtered water, 70% 

ethanol, RNALater, and heating beads at 150ºC, in this respective order. Separate sets of tools 

were used for opening or cutting of skin, rib cage, and lungs in order to avoid contamination 

as much as possible. The lower ½ of the inferior lobe of the right lung was extracted and kept 

in RNALater (Invitrogen) at 4ºC overnight. The solution was removed the next day and kept 

at -20ºC. Left lungs were extracted and kept in PFA at 4ºC for histology in the future. 

DNA/RNA extraction was performed using 96-well DNA/RNA following the previous 

protocol (methods section in Chapter 1) and only RNA samples were used in this study for 

analysis. RNA concentrations were measured using a Nanodrop 1000 (ThermoFisher Scientific) 

with Qubit RNA HS assay kits (Invitrogen). RNA samples were diluted to the same 

concentration prior to cDNA synthesis for normalization throughout all samples. cDNA 

synthesis was performed following previous protocol (methods section in Chapter 1). 

 

Library preparation & sequencing 

 Amplicon libraries for sequencing were prepared using cDNA templates according to 

the methods described in Chapter 1. Due to high amounts of nucleic acid from the host, the 

final pool was run again on 1.5% agarose gel at 50V for 7 hours in order to separate host from 

bacterial nucleic acid. Gel extraction was performed again and retrieved DNA was used for 16S 

rRNA gene amplicon sequencing with Illumina MiSeq (2 x 250 bp read length).  
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Sequence processing 

As samples included a high abundance of host sequences, these sequences were 

removed using KneadData (v.0.6.1), which performs trimming using Trimmomatic (v.0.36). 

Then reads were merged with VSEARCH (v.2.7.1), chimeras were identified and removed with 

VSEARCH using the SILVA Gold reference database (Quast et al., 2012). OTU clustering was 

performed at a 97% similarity threshold with unique sequences detected through dereplication. 

Afterwards, taxonomy was assigned based on RDP Multi-Classifier (v.16) from phylum to 

genus level at a confidence level of 0.8. Generated OTU and taxonomy tables were transferred 

to R studio (v.1.2.1335) and were merged with metadata including sample ID, parents, sex, age, 

and cage information, using “phyloseq” (v.1.28.0) (McMurdie & Holmes, 2013) in order to 

create a phyloseq object. The prevalence method of “decontam” (v.1.4.0) (Davis et al., 2018) 

was performed in order to define contaminants that appear more often in negative extraction 

controls compared to real samples. OTUs defined as contaminants were removed the dataset 

and all samples were normalized using the cumulative sum scaling (CSS) normalization 

method (Joseph et al., 2013) due to low sequence reads. Then alpha diversity measures were 

calculated with Chao1, Shannon, and Simpson for richness, diversity, and evenness, 

respectively, between age groups and among genotypes within each age group. Beta diversity 

was analyzed using Constrained Analysis of Principal Coordinates (CAP) with Bray-Curtis 

dissimilarity as well as weighted and unweighted UniFrac. Summary statistics were obtained in 

order to measure variability within each trait. All statistical analyses were performed on R 

(3.6.2). 
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Introduction 

 

 The blood group-related gene B4galnt2 encodes a glycosyltransferase ß-1,4-N-

acetylgalactosaminyltransferase 2 that is involved in the synthesis of the Sd(a)/Cad 

carbohydrate blood group antigen. B4galnt2 is commonly expressed in the gastrointestinal 

tracts of vertebrates, but displays variable tissue-specific expression patterns in wild mouse 

populations (Johnsen et al., 2009; Linnenbrink et al., 2011). Its expression in the intestinal 

mucosa has been reported to play a role in determining the composition of microbiota within 

the gut (Staubach et al., 2012).  

 Aside from its role in the gut, when the expression of the B4galnt2 gene is switched from 

gut to blood vessel by a common allele, termed “Modifier of von Willebrand Factor-1” (Mvwf1), 

the coagulation factor von Willebrand factor (VWF) is more quickly cleared from the 

bloodstream (Mohlke et al., 1999). This results in prolonged bleeding times. This variation 

appears to have been maintained in the mouse lineage for several million years despite such 

detrimental effect and fitness cost, possibly due to a protective role in host-pathogen 

interactions (Linnenbrink et al., 2011). Rausch et al. (2015) determined that the host becomes 

more resistant to Salmonella infection when B4galnt2 expression is absent in the intestinal 

epithelium. When infected with Salmonella, mice expressing B4galnt2 in the intestinal 

epithelium experienced inflammation in the epithelium layer and a reduction in cecum weight. 

Those that did not express B4galnt2 in the intestinal epithelium displayed less severe infection 

and cecal inflammation. These results were found to stem from changes in microbial 

composition according to the expression of B4galnt2-glycans, highlighting the gene’s role in 

host-microbiota interactions. 

 Both intestines and lungs are characterized by glycosylated mucus secretion. Although 

not as prominent as its prominent mucin types, such as MUCIN 5AC (MUC5AC) and MUC5B, 

lung was also found to express MUC2 (Buisine et al., 1999; Dohrman et al., 1994), which is 

glycosylated by B4GALNT2 (Wei et al., 2012) and is the major mucin in the gut (Velcich et al., 

2002). These mucins consist of VWF-like D domains (Sadler, 1998), and they help protect the 

cell layers in the respiratory and intestinal tracts. The mucin glycans play an important role in 

protecting mucosal barriers of the respiratory and intestinal tracts (Javitt et al., 2020) as well as 

host-pathogen interactions (Lamblin et al., 1991; Schulz et al., 2007). Since these mucins are 

critical for the maintenance of healthy epithelial layers in these tissues, their deficiency or 
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malfunction leads to inflammation and diseases. Previous studies have shown their 

overexpression in the lungs to be linked to asthma (McNamara et al., 2004; Morcillo & Cortijo, 

2006) and decreased mucins linked to cystic fibrosis (Davies et al., 1999; Henke et al., 2004). 

B4GALNT2 has also been detected in the lung macrophages as well as lung cancer tissues 

(Uhlén et al., 2015), which leads to the hypothesis of a potential contribution of this candidate 

gene in the lung and the lung microbiota. 

 Here, using a B4galnt2 mouse model either with- or without the wild type allele 

[intestinal endothelium expression-, and possibly other tissues such as lung (Uhlén et al., 

2015)], we aimed to examine the role of this candidate gene in possibly mediating microbial 

differences in the lung.  

 

Aims 

o Evaluate microbial communities according to B4galnt2 genotype in the lung. 
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Results 

 

Examining overall lung microbiota 

A total of 18 mice, consisting of eight females and ten males, were selected for this study, 

for which DNA and RNA were extracted from lung tissues. For each sex, half were wildtype 

and the other half were KO for the wild type allele of the B4galnt2 gene. After sequencing, 

196,236 unique sequences were obtained (normalized to 10,000 sequences per sample). Overall 

microbial composition at the genus and OTU levels was examined. At both the DNA and RNA 

level, Lactobacillus was the most abundant genus followed by unclassified Firmicutes and 

unclassified Bacteroidetes. Also, for both levels, OTU1_Lactobacillus was the most abundant 

OTU, followed by OTU9_Uncl. Firmicutes and OTU26_Uncl. Enterobacteriaceae (Fig. 1).   

Alpha diversity measures indicated higher diversity and richness at the RNA level 

compared to DNA (Chao1: p < 0.0001, Shannon: p < 0.001) (Fig. 2).  However, there were no 

significant differences in diversity and richness between B4galnt2 genotypes at either level 

(Chao1: p = 0.4363 at DNA level, p = 0.2581 at RNA level; Shannon: p = 0.6078 at DNA level, 

p = 0.9314 at RNA level) (Fig. 2).  

To analyze differences between individuals (beta diversity), Constrained Analysis of 

Principal Coordinates (CAP) applied to the Bray-Curtis index was used, which indicated 

significant differences between DNA and RNA level communities (p < 0.0001) (Fig. 3). 

However, similar to alpha diversity, there were no significant differences in beta diversity 

between B4galnt2 genotypes (p = 0.5856 at DNA level, p = 0.7340 at RNA level).  
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Figure 1. Comparison of lung microbiota composition between RNA and DNA levels. 

Bacterial communities are compared between RNA and DNA level communities at A) genus and 

B) OTU levels. The 10 most abundant taxa are shown. Both RNA and DNA communities have 

high abundance of genus Lactobacillus and OTU1_Lactobacillus. 
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Figure 2. Alpha diversity measures to compare bacterial communities and identify 

differences. Alpha diversity measures are shown A) between DNA and RNA levels, and 

between genotypes at B) DNA and C) RNA levels. Richness was observed using Chao1 indices 

and diversity was observed using Shannon indices. 
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Figure 3. Bacterial community comparison between B4galnt2 genotypes. Beta diversity 

measurement using Constrained Analysis of Principal Coordinates (CAP) with Bray-Curtis 

indices was applied A) between DNA and RNA levels, and between genotypes at B) DNA level 

and at C) RNA level. 
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Indicator species 

 Despite the lack of differences at the overall community level, it remains possible that 

individual taxa display differences according to B4galnt2 genotype. To test this hypothesis, 

indicator species analysis was performed using the R package, “indic.species”. Several potential 

indicator species (Table 1) and genera (Table 2) were detected. Although the adjusted p-values 

do not indicate significance, we find a nominal level of significance for numerous taxa, which 

may represent candidates worthy of further examination, e.g. regarding the potential for false 

negative associations. 

 

 

Table 1. Indicator species analysis for comparison between B4galnt2 genotypes. Stat: association 

statistics; Uncl.: unclassified. 

Group Indicator OTU Stat p-value Adjusted p-value 

DNA OTU1242_Lactobacillus 0.626 0.009 0.928 

 OTU17_Lactobacillus 0.535 0.028 0.928 

RNA OTU165_Uncl. Gammaproteobacteria 0.584 0.029 1.000 

 OTU61_Uncl. Firmicutes 0.395 0.030 1.000 

 OTU256_Parcubacteria genera incertae sedis 0.520 0.032 1.000 

 OTU207_Methylobacterium 0.469 0.038 1.000 

 OTU23_Lactobacillus 0.476 0.048 1.000 

 OTU209_Uncl. Clostridiales 0.477 0.049 1.000 

 

 

Table 2. Indicator genera analysis for comparison between B4galnt2 genotypes. Stat: association 

statistics; uncl.: unclassified. 

Group Indicator genus Stat p-value Adjusted p-value 

DNA Brevibacterium 0.789 0.032 0.625 

 Lactobacillus 0.707 0.036 0.625 

RNA Listeria 0.828 0.011 1.000 

 Uncl. Streptophyta 0.834 0.030 1.000 

 Psychrobacter 0.790 0.037 1.000 
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Discussion 

 

Maintenance of differential expression of the B4galnt2 gene in wild mouse populations 

is paradoxical given the host’s reduced ability of blood coagulation and thus greater fitness cost 

when expressed in the blood vessels instead of gut epithelium. However, the gene expression 

may have been shaped by selection on host-pathogen interactions, given B4galnt2’s 

demonstrated role in mediating susceptibility to experimental infection by Salmonella (Rausch 

et al., 2015). Here, gut microbial community composition revealed an association to B4galnt2 

expression, which in turn affects the host’s susceptibility to infection (Rausch et al., 2015). 

Although the lung microbiota has not been studied in this mouse model, we aimed to examine 

the role of this candidate gene in possibly mediating microbial differences in the lung, which is 

characterized by glycosylated mucus secretions similar to the gut. 

Among the first obvious patterns in my data are that distinct differences are present 

between communities at the DNA and RNA levels.  Differences at the DNA and RNA level may 

suggest a difference in taxa that are active but present at low abundance, or vice versa. DNA 

samples allow an examination of all bacterial material present, while this may also include 

dormant or dead bacterial cells. On the other hand, RNA samples provide information on 

bacterial communities at the active transcript level, which are highly likely to be interacting 

with the host. However, this could lead to a bias towards active bacteria only at the time of 

sampling and dissection. As shown in previous studies (Belheouane et al., 2017), such 

differences should be understood and noted for microbial studies.  

Second, Lactobacillus was the most abundant genus throughout the samples for both 

genotypes, which is a known resident bacterial genus in the lungs (Barfod et al., 2013; Singh et 

al., 2017; Yun et al., 2014) and also abundant in the lung microbiota of G15 population (Chapter 

1). As such, it is interesting to identify a Lactobacillus OTU as an indicator species in these mice. 

Through QTL mapping on the G15 mouse population (in Chapter 1, 2), we identified 

Lactobacillus as a candidate genus. As a lung resident and also a candidate genus that may be 

interacting with the host, Lactobacillus would be a promising candidate for further lung 

microbiota studies. Although indicator species analysis did not find species of significance, 

several were nominally significant and thus could be further examined, e.g. using ddPCR.  

In this study, we conducted a first evaluation of a blood group-related gene in possibly 

influencing the lung microbiota. Similar to previous chapters, Lactobacillus is again observed 
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as an abundant taxon that could possibly be influenced by differences in glycosylated mucins 

in the lung. Given that we also collected colon and caecum tissue samples from these mice, 

future work may also examine both microbiotas in order to evaluate a possible role of B4galnt2 

in the gut-lung axis.  
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Methods 

 

Mice breeding & dissection 

B4galnt2 wildtype and KO mice were maintained in our specific pathogen-free facility 

(MPI für Evolutionsbiologie, Plön, Germany) at 12-h light/dark cycle. Decalcified water and 

food (1324, fortified, from Altromin) were provided ad libidum. Mice were provided with 

bedding from Rettenmaier, FS14, and nesting material (Baumwollnestlets PlexxⓇ, 14010). All 

materials were autoclaved prior to introducing into the barrier and to the animals. 

A total of 18 mice were selected, consisting of four mice of each genotype for females 

and five for males for dissection and further analysis. Dissection was performed at age between 

21 to 37 weeks, with an average of 32 weeks. Several tissues were collected including small 

intestine, colon tissue, caecum tissue and content, and left and right lungs. Samples were 

preserved overnight in either RNALater (Invitrogen) for DNA/RNA extraction or 4% PFA for 

histology. Afterwards, RNALater was removed and those samples were preserved at -20°C. 

Samples in PFA were transferred to PBS and stored at 4°C. 

 

Processing samples for sequencing 

 DNA and RNA were extracted from 18 left lung tissue samples using AllPrep 

DNA/RNA Mini Kit (QIAGEN). DNase I treatment was performed on RNA extraction 

columns using DNase I solution (STEMCELL solution), where 28U (14µL of 10x solution and 

66µL H2O adding up to 80µL) was added to each sample. DNA and RNA were eluted with 50µL 

EB twice to obtain final volume of 100µL each. Blank well was included in the extraction step 

as a negative extraction control. Concentration of RNA was measured on NanoDrop 1000 

(ThermoFisher Scientific) and samples were diluted to 200ng/µL. Then reverse transcription 

was performed on these samples using High-Capacity cDNA Reverse Transcription Kit 

(Applied Biosystems) by adding 10µL of the template. A library was prepared for both DNA 

and cDNA samples targeting the V1-V2 region of the 16S rRNA gene with a primer pair of 

27F-338R, with unique eight-based MIDs (multiplex identifier). PCR amplifications were 

conducted in a 25µL volume with the following recipe: 5µL of 5x HF buffer (ThermoFisher 

Scientific), 5µL of 10mM dNTPs, 4µM of forward and reverse primers (2µL each), 0.25µl of 

Fusion Taq II (Finnzym), 3µL of template, and 8.25µL of nuclease-free water. Cycling 

conditions include: initial denaturation at 98°C for 30 seconds, 30 cycles of 98°C for 9 seconds, 
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55°C for 30 seconds, and 72°C for 90 seconds, and final extension at 72°C for 10 minutes. 

Negative extraction controls and mock communities were included in the library. Sequencing 

was performed using the Illumina MiSeq Reagent Kit v2 with 2 x 250bp read length. 

 

Statistical analysis 

Sequences in fastq format were checked for quality using fastQC (v.0.11.7) and trimmed 

using Trimmomatic (v.0.36). Reads were then merged with VSEARCH (v.2.7.1) and chimeras 

were identified and removed with VSEARCH using SILVA Gold reference database (Quast et 

al., 2012). OTU clustering was performed at a 97% similarity threshold with unique sequences 

detected through dereplication. Afterwards, taxonomy was assigned based on RDP Multi-

Classifier (v.16) from phylum to genus level at a confidence level of 0.8.  

 Generated OTU and taxonomy tables were transferred to R studio (v.1.2.1335) and 

merged with meta data including sample ID, age, sex, cage information, and genotype, using 

“phyloseq” (1.28.0) (McMurdie & Holmes, 2013) in order to create a phyloseq object. Dataset 

was then rarefied to an even sampling depth of 10,000 (reads).  

Alpha and beta diversity measures were compared between DNA and RNA levels and 

between genotypes at the DNA and RNA levels using the “microbiome” package (1.6.0). Then 

candidate species were identified using the function MULTIPATT with “indicspecies” (1.7.6) 

(Cáceres & Legendre, 2009) on R. The statistical significance was tested with 10,000 

permutations and the p-values were adjusted using the “BH” correction method (Benjamini & 

Hochberg, 1995). All statistical analyses were performed on R 3.6.1.  
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General conclusion and perspectives 

 

Although the lungs of healthy individuals have historically been considered sterile, 

recent studies indicate the presence of a resident microbial community (Beck et al., 2012; 

Charlson et al., 2012; Charlson et al., 2011; Kostric et al., 2017; Segal et al., 2013). Similar to 

other body sites, a healthy lung microbiota generally helps maintain homeostasis, while disease 

or infection disturbs this homeostasis. The disruption leads to alterations including changes in 

microbial load and shifts in microbial community composition through a blooming of certain 

bacterial taxa or through an immigration of non-resident bacteria. The mechanisms are not yet 

clear, but studies have suggested different factors affecting the lung microbiota. Environmental 

factors such as smoke, dust, and cigarette smoking are a few examples, in addition to host 

genetic variation. Host genetic factors are involved in various diseases known to also involve 

barrier organ-associated microbes, such as inflammatory bowel disease (IBD) and chronic 

obstructive pulmonary diseases (COPD). The role of host genetics in influencing microbes is 

complex, but previous studies have shown associations between regions of the host genome 

and individual microbial abundances (Benson et al., 2010; Campbell et al., 2012; Liu et al., 2016). 

Snijders et al. (2016) examined the influence of host genetics on the mouse gut microbiome 

using QTL mapping approach where they detected Lactobacillales abundance associated to 

arthritis, rheumatic disease, and diabetes. Similarly, Belheouane et al. (2017) showed host-

microbiota association in the skin microbiota.  

Through my thesis projects, I aimed to explore the impact of host genetics on the lung 

microbiota using mouse models and a combination of methods including ddPCR and QTL 

mapping. By examining the results, candidate genes that influence microbes and are also 

known to be associated with disease can be pinpointed to serve as potential targets of novel 

intervention, e.g. involving microbes or their products. 

 

Lung microbiota of AIL population 

Using the 15th generation of an AIL mouse population, narrow intervals (ranging from 

0.14 to 3.6 Mb) were obtained, whereby candidate genes can be pinpointed. First, the lung 

microbiota of G15 mice population was examined and protocols were established for lung tissue 

samples for any onward studies. In addition to the relative abundances data based on 

sequencing, absolute loads were also assessed through ddPCR, which helped us identify 
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contaminants, and QTL mapping based on these absolute load data revealed significant QTL 

hits that were not detected at the level of relative abundance. ddPCR was especially 

advantageous for lung tissue samples that carry low bacterial load. Using this technique, 

effective analysis was performed using genus-specific primers, as we detected significant 

associations, for example, between Lactobacillus load at the DNA level and a SNP on mouse 

chromosome 1. This microbial trait displayed a significant association with two genes, Il-10 

and Mk2, which are both involved in immune responses. IL-10 is a well-known anti-

inflammatory cytokine and MK2 is a pro-inflammatory kinase which is a downstream 

substrate of the p38MAPK pathway and is crucial in controlling the expression and stability of 

immune cytokine mRNAs. Although the exact mechanism of this association is unknown, I 

speculate that changes in the gene expression or regulation of one or both of these genes affects 

the survival of the bacteria through mucus or epithelium layer immunity. Alternatively, 

metabolites produced by the bacteria affect the immune system and thus the gene expression 

levels.  

In an effort to test the above hypotheses, an Il-10 KO mouse model was adapted, 

presented in the third chapter. Although significant differences were not observed at the level 

of relative abundance, I plan to approach the lung samples with ddPCR in order to estimate the 

absolute load of Lactobacillus. The expression of Mk2 will also be assessed and compared 

among different genotypes, which could unravel the feedback (or association) between the two 

genes, Il-10 and Mk2, within the lungs. We also plan to examine the gut-lung axis using 

corresponding caecum or colon samples of these mice as well as the G15 mouse population in 

order to identify a potential “cross-talk” between microbial communities of the two tissue sites. 

This cross-talk may take place via an exchange of short-chain fatty acids (SCFA) between the 

tissues or even by translocating bacteria through oropharynx reflux or also through blood and 

lymph (Mathieu et al., 2018). Although the function of bacteria and metabolites in the lungs is 

only partially known, a link between the gut and lung modulated by bacteria is evident. For 

example, oral administration of probiotic species improved lung function, as the symptoms 

from infection were ameliorated (Chiba et al., 2013; Racedo et al., 2006; Villena et al., 2012). 

Studies also showed that disturbances in the gut microbiota from an intake of antibiotics affects 

lung diseases and inflammation (Metsälä et al., 2015; Russell et al., 2015; Russell et al., 2013). 

Examination of the gut microbiota may in part help us understand the influence of 

Lactobacillus on host health and the candidate genes. We also plan to carry on to further inspect 
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the role of our candidate genus and genes, for example, by examining the Mk2 gene in KO mice 

and examining the lung microbiome with- and without nasal administration of Lactobacillus.  
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