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Abstract 1

Abstract

Technological advances have greatly enhanced our ability to study the microbiome and
its interactions with the host on a genomic level. However, inconsistencies in wet lab
protocols and analysis pipelines can impact the comparability and reproducibility of re-
search findings, making it difficult to draw reliable conclusions and replicate experiments.
Moreover, confounding factors such as diet, lifestyle, and antibiotic use hinder establish-

ing links between microbiome features and disease signals.

Using different case studies for addressing technical and analytical problems, this disser-
tation underscores the critical importance of standardization, confounder analysis, and
translational animal models in advancing our understanding of the microbiome and its
implications for human health. This thesis employed qualitative and quantitative methods
to address these challenges. These methods provided insights into the factors contrib-
uting to variability. Moreover, statistical tools were applied to disentangle populations and
investigate the effects of clinical, lifestyle, and experimental factors on gut and sputum
microbiota. Furthermore, the translatability of knowledge gained from human studies to

animal models was demonstrated through the presented PDE3A mutations model.

Key findings from this research demonstrate that preanalytical factors, such as DNA ex-
traction and collection protocols, can significantly influence the diversity and distribution
of bacterial taxa. Extraction protocols emerged as a significant technical confounder akin
to individual donor identity. Human read contamination and adapting pipelines for low
biomass samples like sputum are also considered. A study on the sputum microbiome
exemplifies the need for confounder-aware statistics in a clinical cohort, in which the ef-
fects of HIV and COPD status, antiviral treatment, medication, and lifestyle were disen-
tangled. The developed protocols and applied tools hold potential for diverse study set-

tings from preclinical to clinical.

The established animal model, combined with the acquired knowledge of preanalytical
factors and confounder analysis, poses a robust platform for future research on the role
of the microbiota in hypertension.
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Zusammenfassung

Die jungsten technologischen Fortschritte haben unsere Moglichkeiten zur Untersuchung
der Wirts-Mikrobiom-Interaktionen erheblich verbessert. Unstimmigkeiten in den Arbeits-
ablaufen sowohl im Labor als auch bei der Analyse stellen jedoch Herausforderungen flr
Forscher*innen dar. Diese treten besonders im Hinblick auf die Vergleichbarkeit und Re-
produzierbarkeit von Forschungsergebnissen auf. Zusatzlich erschweren Storfaktoren
wie z.B. die Medikation der Patient*innen die verlassliche Identifikation von Zusammen-
hangen zwischen mikrobiellen Taxa und Krankheitssignalen.

Daher ist das Ziel dieser Dissertation, die Bedeutung der Standardisierung in der Mikro-
biomforschung anhand von zwei unterschiedlichen Probenmatrizen (Feces und Sputum)
hervorzuheben. Dartber hinaus wird in dieser Arbeit, das komplexe Thema der Storfak-
toren in der Mikrobiomforschung behandelt. Durch eine Kombination qualitativer und
quantitativer Methoden werden Einblicke in die Faktoren, die zur Variabilitat im Mikrobiom
beitragen, ermdglicht. Daruber hinaus bieten diese Methoden Instrumente, die zur Ent-
flechtung der Faktoren genutzt werden kénnen. Zuletzt wurde die Ubertragbarkeit, der
aus Humanstudien gewonnenen Erkenntnisse auf Tiermodelle anhand des vorgestellten

PDE3A-Mutationsmodells demonstriert.

Die zentralen Ergebnisse dieser Dissertation zeigen, dass praanalytische Faktoren wie
Extraktions- und Sammelprotokolle die Vielfalt und Verteilung der Bakterientaxa erheblich
beeinflussen. Die Extraktionsprotokolle erwiesen sich als wichtige technische Storfakto-
ren, ahnlich der Identitat der Patient*innen. Statistische Methoden zur Kontrolle dieser
Storfaktoren erwies sich als wirksam, um die komplexen Einflisse auf das Mikrobiom
gesunder Personen zu entschlisseln. Ein weiteres wichtiges Ergebnis zeigt, dass bei der
Analyse von Proben mit geringer Biomasse, wie z. B. Sputum Kontamination durch
menschliche DNA berucksichtigt werden mussen. Der Einsatz von statistischen Metho-
den zur Storfaktor Analyse erwies sich ebenfalls als essentiell um die Auswirkungen des
HIV- und COPD-Status, der antiviralen Behandlung und der Medikation auf das Sputum
Mikrobiome zu entflechten. Die entwickelten Protokolle haben das Potenzial, als univer-
selle Methoden fur unterschiedliche Fragestellungen eingesetzt zu werden, die sowonhl
praklinische als auch klinische Studien umfassen. Die in der Dissertation etablierten Tier-
modelle bieten in Verbindung mit dem erworbenen Wissen Uber praanalytische Faktoren
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und der Analyse von Storfaktoren eine solide Plattform fur die kinftige Erforschung des
Bluthochdrucks. Es bietet die Mdglichkeit, neue therapeutische Ansatze zu identifizieren
und die komplizierten Beziehungen zwischen Wirtsgenetik, Umweltfaktoren und Mikro-

biom zu erforschen.

Diese Dissertation zeigt somit die entscheidende Bedeutung von Standardisierung, Stor-
faktorenanalyse und translationalen Tiermodellen, um unser Verstandnis der Wirts-Mik-

robiom-Interaktionen voranzutreiben.
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1 Introduction

The human microbiome is the complex and dynamic community of microorganisms like
bacteria and fungi residing on and in human tissues and biofluids along their correspond-
ing anatomical side. Microbial cells are found in and on the human body in comparable
numbers to human cells *. The human microbiota maintains a symbiotic relationship with
its host by contributing to metabolic functions, protecting against pathogens, and training
and developing the immune system 23. Gut microbiota are not just passive bystanders
but actively interact with their host, modulating host gene expression and immune func-
tion 4. Many diseases are thus associated with microbial dysbiosis 3, including both com-
municable diseases such as tuberculosis ° and syphilis ¢, and non-communicable dis-
eases like inflammatory bowel disease (Crohn’s disease 7 and ulcerative colitis 8), colo-
rectal cancer %, as well as other diseases such as obesity '° and diabetes ', atheroscle-
rosis 12, or non-alcoholic steatohepatitis 3.

Due to the advances in sequencing technologies, microbiome characterization has dras-
tically changed, leading to the rapid discovery of novel microbes associated with human
health 4. The inception of metagenomic studies can be traced back to environmental
research, while clinical research, in its early stages, predominantly concentrated on ex-
ploring the gut microbiome through stool sampling 1. Researchers have started studying
other microbial communities and their associations with the human host; for example, the
sputum microbiome, which is increasingly relevant in respiratory diseases such as COPD
16 and asthma 7. Sputum is a secretion produced in the lungs and bronchi and is consid-
ered an acceptable surrogate for characterizing the mucosal surface microbiota of the
URT '8, In this relatively recent field of research, standardization is required to define
microbiome dysbiosis and its association with diseases '°. Reliability and comparability
across studies form significant barriers that ultimately hamper the development of novel
microbiome-centered therapeutic approaches 2021,

Preanalytical factors refer to the collection, processing, and storage methods of biological
samples before sequencing, preprocessing and statistical analysis, which have been
shown to significantly impact the microbial community 2022, The sample processing
method, DNA extraction, can influence the microbiome composition to such an extent that
it mimics biologically relevant signals 23. Moreover, researchers have shown that the DNA
extraction method can profoundly affect detected diversity, leading to problematic inter-

pretations 23. The collection method, however, seems to impact microbial diversity to a
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lesser extent 22. Deviations in the processing of sequencing raw reads, finally, are easier
to manage as these processes are less time and resource-intensive 2. However, when
comparing data sets, it is essential to remember that all data should be reprocessed using
the same pipelines and annotation tools 2525,

The standardization and analysis of the sputum microbiome are challenging for two rea-
sons. First, due to low biomass and subsequently more host contamination, considerable
background noise can be detected in sequencing data and requires adjustment of the
analytical methods 27?8, Second, the lung is exposed to different environmental factors,
and the sputum contains various aerobic microorganisms, starkly contrasting with the gut.
The exposure of the lung to air and its role as a small interface between air and blood
fluid cause special conditions. The mucous membrane of the respiratory tract surfaces
must have a low bacterial load to facilitate gas exchange '°. Mechanisms such as muco-
ciliary clearance, coughing, and host immune response effectively minimize bacterial load
in the respiratory tract 2°. These facts and surface-specific nature concerning multiple
environmental factors, such as oxygen partial pressure, protein content, and surface-ac-
tive agents, result in a highly active and dynamic respiratory microbiome '°. This dynamic
situation in the respiratory tract, the periodic subjection to environmental microbes fol-
lowed by their rapid elimination, explains the result of several cross-sectional studies in
humans showing that traces of microbial DNA in all sections of the respiratory tract as
well as the oral cavity are typical in the healthy respiratory microbiome '92%-31, Analogous
to the core microbiome in the gut, several core genera characterizing the URT microbi-
ome are defined and can be found in healthy populations 32. The most abundant genera
include Staphylococcus, Streptococcus, Corynebacterium, Prevotella, Veillonella, Propi-
onibacterium, Fusobacterium, and Moraxella >33, This healthy core microbiome is signif-
icantly altered by smoking 3*, antibiotic use 3°, and chronic lung diseases '°. Defining and
understanding the composition and function of the sputum microbiome as an easy as-
sessable substitute for the URT microbiota is crucial for developing targeted treatments
and interventions to improve respiratory health 3637,

Sequencing technologies and biostatistical methods have enabled us to disentangle dif-
ferent factors shaping the gut microbiome compositions, such as diet, medication, and
lifestyle, from those associated with pathogenic states 338. However, these are, of course,
limited by the quality of data produced. Thus, much effort has been made to standardize

experimental protocols 22



Introduction 6

Confounder awareness is an emerging challenge in research, wherein confounders within
this context pertain to covariates exhibiting correlations with the examined variables 3°.
To address this, multivariable analysis or matching can be used to adjust for confounding
variables between a hypothesized exposure and outcome “°. For instance, matching dis-
ease subjects to controls based on confounding variables contributing to microbiota het-
erogeneity reduces observed differences 3%4°. However, this approach requires
knowledge of these variables, risking the possibility of overlooking potential confounders
41 In RCTs, randomization helps balance potential confounders between groups 4. In
observational studies, randomization doesn’t work; thus, post-hoc statistical methods like
regressions are needed to address confounders effectively and isolate the hypothesized
exposure effects 4041,

In a broader sense, more than this method is needed when we compare different cohorts
from different studies since post-hoc matching is usually impossible to realize 4>. DNA
extraction methods can significantly impact observed microbiome variability and are
therefore considered technical confounders 23. Therefore, the need to quantify and exam-
ine the role of such variables in microbiome studies is crucial in understanding variables
that may lead to different outcomes in outwardly similar study designs 4344,

Moreover, with emerging new fields of microbiomes to be investigated, we need to ac-
count for their uniqueness.

In summary, microbiome researchers face two significant challenges - comparability and
reproducibility - leading to weak gut and sputum microbiome research robustness if not
managed correctly. By carefully describing and addressing these challenges, the
knowledge gained from these two fields of microbiome research can be expanded even
further. This is why | focused my research on developing standardization of methods and
using statistics to identify confounding factors and human variability in microbiome re-
search. These standardizations and statistical methods are essential to improve the ac-
curacy of microbiome studies so that comparability and reproducibility of the studies are
established and the robustness of microbiome research increases. To achieve this, | fo-
cused on the confounder-aware statistical analysis and applied it in three different con-
texts of microbiome research. In the following sections of this dissertation, | first present
the methods used to obtain my data, then explore the results, and finally discuss the
findings in the context of current research.

This work addresses the causes of variability between microbiome studies to develop a

consensus on conducting microbiome studies in various settings. To this end, | combine
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qualitative and quantitative methods to provide insights into factors contributing to this
variability. | present methods to disentangle populations and examine the effects of clini-
cal, lifestyle, and preanalytical factors on the microbiome of two different compartments,
the gut, and the sputum microbiome. Furthermore, | will explore how animal models could
provide a powerful tool to generate fresh hypotheses and treatment strategies for hyper-
tension and hypertension-associated end-organ damage. The presented work explores
the potential of the developed protocols and tools for a universal method for different
study settings for both preclinical and clinical studies. It is outlined in three papers, tracing
the evolution from clinical to preclinical study designs.

1. Bartolomaeus TUP et al. 2020. Quantifying technical confounders in microbiome
studies 3. Hereafter called Study 1.

2. Kayongo A*, Bartolomaeus TUP*, Birkner T* et al. 2023. Sputum microbiome and
chronic obstructive pulmonary disease in a rural Ugandan cohort of well-controlled
HIV infection 3. Hereafter called Study 2.

3. EcruM, .... Bartolomaeus TUP et al. 2022. Mutant Phosphodiesterase 3A Protects
From Hypertension-Induced Cardiac Damage 4°. Hereafter called Study 3

The first project is a clinical observational cohort study on the gut microbiome using dif-
ferent preanalytical methods. This project constitutes the baseline of my work since the
main concepts have been developed during this project and applied to the second and
third projects. The second project is a clinical study on the sputum microbiome, building
on the knowledge gained from the gut microbiome project and using confounder-aware
statistics first described in Study 1 “3. The third project is preclinical studies on PDE3A
mutated rats, again building on the knowledge gained from the abovementioned studies,
transferring the workflows and statistics from human to animal studies. In the following, |
present the wet lab methods of all three projects and then show how | applied statistical
models to the clinical and preclinical data.
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2 Methods

2.1 Experimental Lab Methods

In the Wet Lab methods part, | describe the methods used in all three studies: stool and
sputum collection, DNA extraction, 16S sequencing, clinical metadata collection like HIV
and COPD assessment, continuous blood pressure measurement, and gene expression

analysis.

2.1.1 Human studies preanalytical factors (Study 1 43)

Study 1“3 was designed as an observative cohort study to elucidate the effect of different
preanalytical methods on the gut microbiome composition and describes the baseline of
my research journey since the knowledge gained is used in all following projects. The
study was conducted in healthy subjects. By focusing on the gut microbiome, we could
ensure that already established methods for sequencing and processing samples would
also keep the variation low.

The Charité — Universitatsmedizin Berlin institutional review board approved the obser-
vational cohort study. The study was registered on clinicaltrials.gov (NCT04082221) 43,
Written informed consent was obtained before entering the study. Subject recruitment
was performed from Campus Berlin-Buch of Charité — Universitatsmedizin Berlin and Max
Delbriick Center for Molecular Medicine #3. Inclusion, exclusion criteria, and subject
screening were performed as described in Study 1 *3.

Specimen collection

Stool sample collection and storage were performed using six different methods as de-
scribed in Study 1 %3: immediate freezing (faeces tube, SARSTEDT) with Dry Ice (naive
sample), OMNIgene GUT (DNA Genotek), 95% EtOH, (Carl Roth GmbH & Co.),
RNALater (MERCK), Zymo DNA/RNA Shield (Zymo Research) and Zymo DNA/RNA
Shield (Zymo Research) with Dry Ice.

DNA extraction and 16S Sequencing:

DNA extraction using the ZymoBIOMICS DNA Miniprep Kit (Zymo Research) and the
QlAamp PowerFecal DNA Kit (Qiagen), followed by 16S sequencing using lllumina

MiSeq targeting the V3-V4 region (300-bp read length) was performed as described in
Study 1 *3.
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2.1.2 Sputum Microbiome (Study 2 37)

Study 2 ¥ is characterized by more complex data, allowing me to challenge my ap-
proaches with data from low biomass microbiota, intending to challenge the analytical
pipelines developed to analyze the gut microbiome and disentangle confounding effects
between microbial features and clinical patient data. | applied these pipelines to study the
sputum microbiome in a cross-sectional clinical cohort with underlying comorbidities (HIV

and/or COPD) and medication regimes.

This cross-sectional study was approved by Mulago Hospital Research and Ethics Com-
mittee (MHREC) (n0.1996) and Uganda National Council for Science and Technology
(UNCST) (no. HS2375) in Kampala, Uganda ¥’.

Recruitment and examination of subjects as well as sample collection were performed as
described in Study 2 3" summarized as follows:

HIV assessment

Subjects were retested for HIV using the ART clinical guidelines in Uganda *’. Their med-
ical history was recorded, including viral load, ART drug use, treatment with Cotrimoxa-
zole, and occurrence of opportunistic infections or tuberculosis 7. Furthermore, socio-

demographic and other clinical characteristics were collected 3.

Sputum induction and sample collection

Before sputum induction, the subjects underwent a three-step cleansing routine using
sterile water to minimize contamination with saliva or postnasal drip ¥’. Each sputum sam-
ple was collected through deep coughing and expectoration *’. If the collection procedure
and sample quality were sufficient, the sputum samples were transferred into the DNA
collection, preservation, and isolation kit (Norgen Biotek Corporation) %’.

DNA extraction and 16S sequencing

DNA extraction and 16S sequencing using lllumina MiSeq targeting the V3-V4 region
(300-bp read length) were performed as described in Study 2 37

2.1.3 Animal Experiments (Study 3 4°)

Transgenic animal models are powerful tools for clinical research, enabling researchers
to study individual genes in their complex natural environment with lower confounding

factors than the human model 4647, In this project, we used a rat model with human
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PDE3A mutations that exhibit hypertensive phenotypes to demonstrate the universal ap-
plicability of our analytical pipelines. Furthermore, this introduced animal model provides
a tool to generate fresh hypotheses and treatment strategies for hypertension and hyper-
tension-associated end-organ damage 4.

The State of Berlin approved the rat studies (license no. G 0435/17) #°. The rat model
with a PDE3A mutation similar to the human T445N mutation was engineered by pronu-
clear microinjection of Sprague-Dawley rat zygotes using CRISPR-Cas9 as described by
Ercu et al. 2020 #°. Isoproterenol challenge was performed using age-matched animals
described in Study 3 45. Continuous telemetry blood pressure measurements, echocardi-
ography, tomography, and RNA sequencing identified phenotypes of PDE3A performed
as described in Study 3 4.

Continuous telemetric blood pressure monitoring

Telemetric blood pressure measurement was performed at least one week after recovery
from pressure-sensing device implantation, as described by Ercu et al. 2020 4°. The
DATAQUEST software recorded blood pressure and heart rate (A.R.T. 2.1, Data Sci-
ences International) 4°. Signals were recorded continuously at 5 min intervals for 10 s,
day and night, in freely moving animals “°. An initial echocardiographic examination was

conducted after at least six days of basal blood pressure measurements 4°.

Gene expression analysis

Total RNA was extracted from the kidney, heart and aorta tissue using the RNeasy Mini
Kit (Qiagen). Frozen tissue (about 20mg) was put into a tube containing Qiazol (Qiagen)
and six zirconium beads 2.8mm in diameter (Bertin Corp.) and homogenized on Precellys
24 tissue homogenizer (Bertin Corp.). The following steps differ from the manufacturer’s
standard protocol. To eliminate contaminations caused by remaining DNA molecules, en-
zymatic degradation of DNA was performed using the RNase-Free DNase Set (Qiagen).
The cleaned RNA was eluted using 30pL of RNase-free water without repetition. RNA
concentration was measured for the reverse transcription into cDNA—high Sensitivity
RNA-Bioanalyzer (Agilent, 5067-5581). The transcription was done with a High-Capacity
cDNA Transcription kit (Applied Biosystems) according to the manufacturer protocol °°.
The gPCR was performed using TagMan Fast Universal PCR Master Mix (Applied Bio-
systems) in QuantStudio 3 Real-Time PCR System (Applied Biosystems) for the target
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genes. A total of 45 amplification cycles were used as a cut-off. The relative gene expres-
sion was normalized to the 18S gene.

2.2 Biostatistics
In the Biostatistical methods part, | describe the methods used in all three studies.

2.2.1 Power calculation

Making power calculation a critical step in the study design process, two tools were used
to determine the optimal sample size to ensure adequate power to detect statistical sig-
nificance. The optimal sample size was determined a priori for Study 1 43. The power
calculation was performed using G*power as described in Study 1 43. Previously pub-
lished results of collection methods on alpha-div indices were used to estimate the effect
size and calculate the required sample size plus a 15% drop-out rate 4351,

Post-hoc power calculation for Study 3 37 was performed using the R package pwr (ver-
sion 1.3-0) %2, which yielded a probability of 77% for determining the significance of each

major respiratory bacteria 3.

2.2.2 Statistics and pipelines

Statistical analysis allows researchers to make sense of the data collected, draw valid
conclusions, identify patterns and relationships, and make predictions or generalizations
about populations %3. R programming is a popular language for data analysis and statis-
tical computing. It provides various packages and functions for data manipulation, visual-
ization, and modelling. R (R 4.0.0-4.2.3) was used for the statistical analysis and visual-
izations. The rtk package (version 0.2.6.1) 5 for alpha diversity measurements, the vegan
package (version 2.6-2) °° for beta diversity and the permutational multivariate analysis
of variance (PERMANOVA) .

Univariate analysis was performed using the confounder-aware statistical tool developed
for this purpose (metadeconfoundR, version 0.2.9) 4357, The metadeconfoundR pipeline
operates as follows: initial analyses involve testing naive associations of each individual
feature and covariate using rank-based tests. Subsequently, the relative redundancies
between covariate associations to the same feature are modelled through nested linear

likelihood ratio tests. Finally, univariate associations with clinical variables undergo Ben-
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jamini-Hochberg adjustment for an FDR of 0.1 in cases where clear confounders are ab-
sent 343, Major taxa and OTUs detected in at least 10% of samples after rarefaction were
included ¥’. As data were not normally distributed, non-parametric tests were used for all
association tests 3743, For discrete variables, Wilcoxon test was applied 3"43. A nonpara-
metric Spearman correlation test was used for pairs of continuous variables 3743, For

Study 1 “3 Enterotype assignment was done using the online tool https://entero-

types.org/ 3. Hierarchical clustering using the R package "Dirichlet multinomial" (version
1.36.0) 58 was applied to create patterns of the different study samples in Study 2 37

Telemetry’s continuous blood pressure data were analyzed as described by
Ercu et al. 2020 “° by building mixed-effects models using the Ime4 R package (version
1.1-29) *°. The analysis included random effects for animal identity and time points within
a day and fixed effects for genotype, animal sex, and day/night status at the time of meas-
urement 4°. The model parameters (slope and intercept) were used to determine the
scope of the effects #°. The significance of each factor was determined by comparing the
full model to a simpler model that omitted genotype as a predictor #°. Likelihood ratio tests
were performed using the Imtest R package (version 0.9-40) °. 1-way ANOVA, corrected
for multiple testing using Tukey's test, was used to identify gene expression differences

between the tested groups *°.

2.2.3 Bioinformatic preprocessing of 16S data

16S amplicon sequencing is a powerful, cost- and labor-efficient tool to characterize bac-
terial communities in different biosamples ¢'. This approach has been used for taxonomic
profiling in stool samples for decades. However, for low biomass samples (e.g., sputum),
it has been shown that misamplification can lead to spurious results 2. To avoid misam-
plification due to higher amounts of human contamination, slight modifications to standard
bioinformatic preprocessing were made. This approach was established during this pro-
ject and is now included in our day-to-day preprocessing of 16S data.

Human contamination filtering was performed as described in Study 2 ¥, briefly raw se-
quences were processed to remove potential human contamination via masking the hu-
man genome (https://www.ncbi.nim.nih.gov/datasets/genome/GCF_000001405.39/) with
the microbial genome database Pro-Genomes2 (https://academic.oup.com/nar/advance-
article/doi/10.1093/nar/gkz1002/5606617/) 3’. Through masking and filtering, raw reads
were matched to the human genome and discarded at 95% 3’. Any human reads found
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were validated through alignment with the NCBI nucleotide database, yielding only hu-
man hits 3. Cleaned raw sputum, reads were processed using LotuS (1.62) 3763, Briefly,
Poisson binomial model-based % read filtering followed by OTU clustering (UPARSE) 65
based on sequence similarity of 97% was performed while SILVA ¢ was used stepwise

as a database for taxonomic assignment using a taxonomic lambda similarity search 3.

The fecal raw reads were processed analogously. In addition to SILVA %, GreenGenes ¢’
and HITdb47 8 were incrementally used as databases for taxonomic assignment 3.
Classification (genus threshold at 95% identity) was performed using a custom Perl script,
where unassigned taxonomic levels were matched to the last known taxonomic rank and
sequentially numbered *’. Unavoidable differences in library size (number of fragmented
reads) between samples were corrected by rarefaction 3743, To obtain relative microbiota
abundances, OTU counts were randomly excluded and rarefied to the smallest remaining
sample size (stool: 1350 -, sputum: 8278 - raw reads) 3743,

2.2.4 Sputum cohort comparisons

We linked our sputum microbiome data to a comparable cohort in the UK ¢°. The UK ©°
cohort comprised 64 PLWH (median blood CD4 count, 676 cells/mL) and 38 HIV-negative
subjects %°. Subject inclusion and exclusion criteria, sample handling, processing and 16S
sequencing using lllumina MiSeq were performed as described by Rofael et. al 2020 ©°.
The raw data were processed along with the Ugandan samples to minimize processing

bias 3.

To summarize, while conducting the three studies in both preclinical and clinical designs,
in the first step, | applied various wet lab methods ranging from preanalytical methods,
sample collection, sample processing, and gene expression analysis to gain data. In the
second step, | applied statistical models such as power calculation, bioinformatic analysis
of 16S data, and mixed effect models to the clinical and preclinical data gained from the
wet lab. These studies have led to numerous results that | highlight in the following sec-

tion.
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3 Results

Researchers generally face two critical challenges: comparability and reproducibility.
These two challenges may lead to weak microbiome research robustness. This work aims
to carefully describe and address the causes of weak comparability and reproducibility,
to develop standardization of methods, and to use statistics to identify confounding fac-
tors and human variability in microbiome research.

| have described wet lab and biostatistical methods to identify confounding factors and
human variability in microbiome research in three different study settings, from preclinical
to clinical. In this section, | describe the findings of the presented studies. | first estab-
lished the intestinal microbiota and preanalytical factors. | secondly highlighted low-bio-
mass research and the effects of disease signatures and covariates on the sputum mi-
crobiota. Third, | present preclinical research in an animal model for PDE3A hyperactiva-

tion.

3.1 Intestinal microbiota and preanalytical factors

Study 1 *® determined the effects of preanalytical parameters (extraction and collection
protocols) and all available biological variables (diet, lifestyle, and socio-demographics)
on the gut microbiome signature (graphical abstract for Study 1 *3 in Figure 1). The study
resulted in three key findings. (1) The collection method has an impact but is less severe.
(2) The extraction method is a significant technical confounder similar to individual donor
identity. (3) Firstly introduced, the confounder aware analysis, shows the massive effect
of technical factors. In this study, | could provide strong evidence for the need to carefully
consider preanalytical variables and standardize methods to ensure generalizability with

other clinical studies when conducting and comparing microbiome studies.
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Figure 1 Graphical abstract Study 1 ** (created by the author, TUP Bartolomaeus): Impact of
preanalytical methods on fecal amplicon sequencing results. Healthy volunteers provided fecal
samples using six collection methods, and DNA was isolated using two different commercial kits.

Amplicon sequencing revealed a significant and profound impact of DNA isolation on the results.
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Collection methods also exhibited an effect, although less pronounced. Moreover, DNA isolation

effects mimicked the impact of clinical factors.

3.1.1 Alpha and beta diversity analysis

Typical microbiome analysis pipelines were applied to ensure generalizability with other
clinical microbiome studies. We calculated alpha diversity using the Shannon index to
measure species diversity by accounting for the number of different species and their
relative abundance 7°. The Shannon indices for the extraction and collection methods
were compared using a pairwise Wilcoxon test corrected for multiple testing using Ben-
jamini-Hochberg adjustment. Comparing both extraction methods, Zymo (n = 321) and
Qiagen (n = 215), the Shannon index was significantly lower in all samples extracted with
the Qiagen kit (g-value < 0.001, BH-FDR) 3. For the collection method, we detected a
significantly reduced Shannon index in all samples collected using EtOH (n = 108) (g-
value < 0.01, BH-FDR) and OMNIgene Gut (n = 106) (g-value < 0.1, BH-FDR) kits com-
pared to the dry ice gold standard (n = 108) and all other collection methods like RNALater
(n = 108), Zymo Shield (n = 53) and Zymo Shield on Dry Ice (n = 53) 3. Next, we applied
beta diversity measurements by summarizing the high-dimensional data into a reduced
dimensional space to assess differences between spatially distributed communities 37-7°.
A dissimilarity matrix (Bray-Curtis distance) between the different preanalytical methods
was calculated and visualized using PCoA. Both DNA kits form clusters and are signifi-
cantly separate in the PCoA (PERMANOVA, p < 0.0005) 3. We determined enterotypes
for each subject and looked at how the different preanalytical methods affected the distri-
bution of these enterotypes. The DNA extraction kit has a substantial impact, with the
Qiagen kit showing a decrease in Firmicutes-dominant samples (8%) and an increase in
Bacteroides-dominant samples (52%) and the Zymo kit displaying a more even distribu-
tion between these two enterotypes (Firmicutes 24% and Bacteroides 31%) 3. We could
observe a similar skew towards reduced Firmicutes-dominant samples with all collection
methods compared to the Dry Ice gold standard (32%), particularly with the OMNIgene
Gut (14%), RNALater (12%), and EtOH (13%) collection methods 3.

Furthermore, we used a linear model to analyze variance and determine the relationship
between intersample distance and sample pair congruence “3. We considered several
factors: donor ID, DNA extraction protocol, sample collection protocol, donor sex, and
time point 3. Our analysis showed that donor ID and preanalytical protocols significantly
predicted intersample distance (likelihood ratio test, p < 0.001) 3. The collection method
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accounted for only 0.6% of the variation, while donor ID explained 7.4% and extraction
protocol explained 5.7% *3. Most of the variability was due to transient fluctuations of the
gut microbiome “3. Our findings indicate that the extraction protocol is a significant tech-

nical confounder, having a similar impact as individual donor identity 43.

3.1.2 Univariate analysis

We introduced confounder-aware analysis to clarify if the preanalytical effect we had
found in the diversity indices was reflected in the relative abundances of specific bacterial
taxa. Univariate analysis was performed on all bacterial taxa present in > 0.9% of the
samples 3. Associations between microbial characteristics and metadata such as tech-
nical, socio-demographic, dietary, and clinical variables are often difficult to disentangle.
To make a statement about the effects of these variables on bacterial taxa, these covari-
ates must be separated. Significant associations at both the phylum and genus levels
with the preanalytical methods were often the most robust signal observed. Associations
between taxa and the two extraction kits showed substantial and significant enrichment
in Bacteroidetes (g-value <0.001, BH-FDR) stains for all samples extracted with the Qi-
agen kit 4. The Zymo kit, in turn, offers significant enrichment in Firmicutes strains like
Blautia alongside others (g-value < 0.001, BH-FDR) 3. Corresponding signals are ob-
served at other taxonomic levels. These tendencies from Bacteroidetes to Firmicutes are
observed to a lesser extent for RNALater, OMNIgene Gut, and EtOH collection protocols
43_ Along with the DNA extraction procedure and the stool collection protocol, the pres-
ence or absence of some taxa is also influenced by clinical, dietary, and socio-demo-
graphic factors such as age, BMI and plasma tocopherol levels 3.

Taken together, a difference in technical protocol between identical metagenome da-
tasets will most likely result in an apparent difference in taxonomic composition, which
could either exaggerate or mask typical biological effects (such as those linked to cardi-
ovascular, metabolic, or inflammatory diseases), leading to false results or failure when
trying to validate previous results 43.

In conclusion, when conducting and comparing microbiome studies, it is necessary to
carefully consider preanalytical variables and standardize methods to ensure generaliza-
bility with other clinical studies.



Results 18

3.2 Sputum microbiota, low-biomass research, and disease signatures

In the second paper 37, we expanded the study into other microbial communities and their
associations with the human host (graphical abstract Figure 2). In this section, the sputum
microbiome from a cohort of HIV and/or COPD-positive subjects was used to understand
how complex multimorbidities in a human-treated setting impact reliability, interpretability,
and reproduction of microbiome findings. We provide insight into the relevance of ad-
dressing the unique features of low biomass samples and the applicability of confounder-
aware statistical tools to disentangle the effect of HIV and COPD status, antiviral treat-
ment, medication, and socio-demographic variables on the sputum microbiome compo-
sition. This study identified human contamination in low biomass samples, and con-
founder-aware statistics showed collinearity with antiviral treatment/duration thereof.
When disentangled, HIV status had a more profound impact than COPD. However, the
COPD status is associated with a significantly increased abundance of Selenomonas and
a significant decrease in Gammaproteobacteria 3". When comparing to a similar cohort
from the UK 8%, we could identify a systematic difference between the Gram state of the
bacteria — like seen in Study 1 43 (also here, the two sputum microbiome cohorts used

two different extraction protocols).
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Figure 2: Graphical abstract Study 2 *" (created by the author, TUP Bartolomaeus): Analysis of

Sputum Microbiome in COPD and/or HIV positive Patients. Sputum microbiome from patients

with COPD, HIV, or both analyzed by amplicon sequencing. Computational analysis revealed
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features associated with disease, clinical symptoms, or patient features. Interestingly, we ob-
served a strong effect of geographic location on the sputum microbiome (comparison of our Ugan-

dan® versus published UK °° cohort).

3.2.1 Human read contamination and multivariate analysis of the sputum microbiome

In Study 2 37, we found up to 40% of human read contamination in the sputum samples,
with a mean contamination rate of 10%. Higher amounts of human read contamination
were found in the COPD+ samples compared to the COPD- samples
(g- value < 0.01 BH- FDR). After removing the human reads with a newly developed in-
house Perl script, the impact of the disease status (HIV-/COPD-, HIV+/COPD+,
HIV+/COPD- and HIV-/COPD+) on the sputum microbial composition was determined.
Alpha diversity indices showed lower microbial richness and Chao1 index in the
COPD+/HIV+ group compared to the COPD+/HIV- one (g-value < 0.01 BH-FDR) %’. And
an increase in microbial richness for the COPD-/HIV- group compared to the COPD+/HIV-
participants (g-value < 0.01 BH-FDR) 3’. We observed the same increase in Chao1 index
in the COPD+/HIV- group relative to the COPD-/HIV- and COPD-/HIV+ subjects, respec-
tively.

3.2.2 Univariate analysis of factors influencing the sputum microbiome

Genus level comparison showed that Streptococcus, Prevotella, Neisseria, and Veil-
lonella predominated in all cohort groups. Again, we applied univariate biomarker analysis
using the metadeconfoundR package 4357 for all taxa present in > 0.9% of the samples
to assess their association with the collected patients’ characteristics such as age, sex,
BMI, socio-demographic features and clinical features like O2 saturation, systolic and
diastolic blood pressure, as well as the use of medication while testing for confounding
effects between these variables 3. We could show that HIV status, its associated antiviral
treatment, and the duration of such antiviral therapy display a similar pattern in influencing
the sputum microbiome 7. In general, HIV status affects bacterial composition at phylum
and genus levels more than COPD status %’. There has been a significant increase in the
abundance of taxa belonging to the Firmicutes Phylum such as Clostridia (g-value = 0.02
BH-FDR), Butyrivibrio (g-value = 0.05 BH-FDR), Veilloneaceae (g-value = 0.05 BH-FDR),
Erysipelotrichaceae (g-value = 0.006 BH-FDR) and Solobacterium (g-value = 0.006 BH-
FDR) %". An increase in taxa belonging to the phylum Actinobacteria, namely Actinomyces
(g-value = 0.05 BH-FDR) and Atfopobium (g-value = 0.003 BH-FDR) %’. Further, the taxa
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Lentimicrobium (g-value = 0.07 BH-FDR), Filifactor (q-value = 0.007 BH-FDR), as well as
Pseudopropionibacterium (g-value = 0.05 BH-FDR) were significantly decreased in asso-
ciation with HIV status ¥’.

In contrast, COPD status is associated with a significant reduction in Gammaproteobac-
teria (g-value = 0.09 BH-FDR) belonging to phylum Proteobacteria and a significantly
increased abundance in Selenomonas (g-value = 0.09 BH-FDR), a member of the Fir-
micutes phylum 3.

A significant association was also found between COPD status and enriched Campylo-
bacter, but this signal is determined by the "dual disease status" (COPD+/HIV+ group) ¥’.
More specifically, the COPD+/HIV+ comorbidity (dual disease status) showed a signifi-
cant increase in Campylobacter (g-value = 0.04 BH-FDR) and a decrease in Staphylo-
coccales (g-value = 0.01 BH-FDR) as well as Negativicutes (g-value = 0.03 BH-FDR) ¥,
We identified other significant associations between the sputum microbiome and socio-
demographic, clinical, and lifestyle characteristics 7. Perhaps most interesting were the
associations with the variable "hospitalization as an infant," the frequency of bacteria from
the phylum Proteobacteria, namely Pseudomonas, and an increase in the frequency of
Corynebacterium associated with the use of salbutamol 3. Other host variables such as
BMI, pulmonary tuberculosis, treatment with co-trimoxazole, prednisone, and smoking
were not significantly associated with alterations in bacterial composition. Consequently,
they were dropped from the model ¥’.

3.2.3 Cohort comparison with sputum data from the UK ©°

To validate the generalizability of our results, we compared our results with sputum mi-
crobiome data from a UK © HIV cohort 3. Although the recruitment criteria and sequenc-
ing methods were similar, we observed differences in the preanalytical techniques *. To
avoid further biases, computational preprocessing was performed on all samples together
37, Interestingly, we detected significantly lower microbial richness (Shannon index) in the
UK cohort ®° than in the Ugandan cohort 3’(with q value < 0.0001 BH-FDR) %",
Furthermore, beta diversity measurement revealed that both cohorts are building sepa-
rate clusters (PERMANOVA p < 0.001) 3. Applying univariate analysis on the combined
dataset unveiled a systematic difference between the two cohorts regarding the Gram
state of the bacteria 37. The Ugandan cohort 3" shows significantly higher abundances in
Gram-negative phyla like Proteobacteria, Fuscobacteria, and Bacteroides than the UK
cohort .
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3.3 PDE3A-mutant models for studying hypertension

As outlined in the method section, | provide insight into the universal applicability of the
developed pipelines and statistical approaches in the two abovementioned projects. For
this purpose, | will use these approaches to describe the effects of PDE3A mutations on
hypertension in an animal model and show the translatability of the knowledge gained in

human studies to unlock multi-omics studies in animal models 454849

3.3.1 PDE3A model generation and phenotyping

Consecutive active mutant PDE3A causes hypertension using novel mouse and rat mod-
els 4°. Using CRISPR-Cas9 engineering, we generated rat models with hyperactivity of
the PDE3A Enzyme (A3aa) and its functional deletion (DEL) (graphical abstract Figure 3)
49 The DEL rats fail to express the PDE3A enzyme. Telemetric blood pressure measure-
ments were applied for long-term documentation. With the PDE3A project, we generated
a new and promising hypertensive animal model, harboring new hypotheses and results
in hypertensive-associated end-organ damage and in multi-omics effect of hypertension.
Moving forward, this model is an established and controllable system that allows for sys-
tematic manipulation and study of microbiota. This system would allow implementation
interventions such as administering probiotics, prebiotics, antibiotics, or fecal microbiota
transplantation to test their effects on hypertension development and treatment in the

future.
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Figure 3: Graphical abstract of Study 3 * (created by the author, TUP Bartolomaeus): Comparison
of Rat Models with PDE3A Gene Mutations to WT littermates Rat models mimicking known hu-

man mutations in their PDE3A gene consecutive active (A3aa) and functional deletion (DEL),
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were compared to WT rats. Despite exhibiting higher blood pressure, A3aa did not aggravate

cardiovascular damage in these rats.

3.3.2 Effect of PDE3A mutation on Blood pressure and renal function

We found significant differences in mean systolic and diastolic blood pressure values be-
tween the tested groups #°. The A3aa rats exhibited elevated systolic and diastolic blood
pressure at 148/105 mmHg, compared to 115/84 mmHg for the DEL rats and
125/88 mm Hg in the WT control group #°. Notably, the systolic blood and diastolic blood
pressure differences between all groups were statistically significant 4°. To further evalu-
ate the impact of the mutant PDE3A on renal function, we examined serum and urine
parameters in our animal models #°. Surprisingly, no proteinuria or disturbances in renal
function were observed in the mutant (A3aa, DEL) animals 4°. Serum levels of albumin,
creatinine, and urine/albumin creatinine ratios were not significantly different compared
to WT animals °.

Similarly, angiotensin-Il levels, angiotensinogen, aldosterone, and plasma renin concen-

trations showed no significant differences between the control and mutant rats 4°.

3.3.3 Cardioprotective effect of PDE3A mutation

To elucidate the potential cardioprotective effect of HTNB-causing A3aa mutations with-
out antihypertensive treatment, we conducted experiments to determine if the mutant
PDES3A could confer cardioprotection under the fused effects of preexisting hypertension
and chronic B-adrenergic stimulation (isoproterenol) 5. Isoproterenol typically induces
cardiac damage, including hypertrophy in rats, by increasing heart rate and lowering
blood pressure 4571, Interestingly, only A3aa rats showed a significant increase in cardiac
output and fractional shortening, even though they had a similar heart rate to WT animals
45 In contrast, the DEL animals exhibited a similar response to isoproterenol as the WT
rats 45. Furthermore, the expression of hypertrophy and fibrosis markers showed incon-
sistent results #°. In summary, our findings indicate that the HTNB-causing A3aa mutant
exerts a cardioprotective effect, as it does not exacerbate isoproterenol-induced cardiac
damage as expected in the context of preexisting hypertension 4. These two novel animal
models provide valuable insights and offer a refined and potent approach for generating
new hypotheses and treatment strategies for hypertension and hypertension-associated
end-organ damage.
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3.4 Result summary

In conclusion, my PhD thesis demonstrates the importance of considering potential pit-
falls in microbiome analysis, including the impact of preanalytical experimental methods,
sample type, and confounding factors to generalize results across independent studies.
It thereby underscores the need for standardization of experimental workflows in micro-
biome research to ensure accurate and reliable results.

Moreover, we demonstrated that animal models are powerful tools in biomedical re-
search. Aside from microbiome studies, we urgently need awareness of very different
confounding factors when comparing human or animal studies. The combination of hy-
pertensive animal models and microbiota manipulation provides a powerful platform for
advancing our understanding of hypertension, identifying novel therapeutic approaches,
and exploring the intricate relationship between host genetics, environmental factors, and

the microbiome.
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4 Discussion

In previous years, many microbiome studies have been conducted using various tools,
packages, and algorithms to analyze microbiome data '#72. This causes issues with re-
producibility and considerable variability between studies 7273. To solve these challenges
this thesis aims to increase awareness of the importance of standardization in research
and to propose standardizing suitable methods, particularly in studying the microbiome.
To this end, | conducted three studies ranging from preclinical to clinical. This work com-
bined wet lab and statistical models to demonstrate the importance of a systematic anal-
ysis of confounding factors that allows disentangling the effects of disease status, treat-
ment, medications, and socio-demographics on the gut and sputum microbiome. Finally,
this work demonstrates the utility of these tools in various study settings, from humans to
rats, indicating the universal use of standardized workflows and tools. These findings will

be discussed in the following section.

4.1 Short summary of results

This works findings underscore the three main goals of my dissertation, i.e., (1) to raise
awareness of the importance of standardization when conducting research in the micro-
biome, (2) the need to thoroughly plan unique sample matrices and adapt pipelines, and
(3) to shed light on the perplexing issue of co-occurring factors in microbiome research,
since many known and unknown factors influence this ecosystem.

To illustrate the benefit of standardization, | showed that DNA extraction methods strongly
and significantly impact the observed microbiome composition. However, the variance
introduced by using the commercial kits is lower than those introduced by inadequate dry
ice-based sampling, given that handling the former is much easier for patients.

The need to plan and adapt pipelines is shown in the case of contamination with host
reads in low biomass sputum samples. Such contamination results in amplified host DNA
sequences clustered and falsely assigned to bacterial taxa during the preprocessing,
leading to false microbiome signatures of various health and nutritional factors. By sys-
tematic confounder analysis, we demonstrated that it is possible to disentangle the effects
of HIV status, antiviral treatment, medication, and socio-demographics on the sputum

microbiome.
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Finally, | provide insight into a model with consecutive active mutant PDE3A that causes
hypertension, showing that this model is a powerful tool for generating new hypotheses
and treatment strategies for hypertension and hypertension-associated end-organ dam-

age.

4.2 Interpretation of results

By addressing the above-named issues in microbiome research, i.e., standardization,
uniqueness of sample matrices, and confounding factors, this dissertation offers three
main findings:

The results of Study 1 “* underscore that preanalytical methods have a dominant effect
on the detected microbial signals. To this point, sample collection using immediate freez-
ing (Dry Ice) without preservatives was and continues to be widely used as a benchmark
method for microbiome analysis because it preserves microbiome samples at a compo-
sition nearly identical to that of a fresh sample while avoiding any potential influence of
preservative solutions 224374 However, alternative sample collection methods that do not
require freezing can be informative for gut microbiome analysis 2. Differences seen in
the multivariate and univariate analyses between sample collection methods might be
explained by the effect of buffer solutions used to preserve genetic integrity and expres-
sion profiles of samples 7576, Some taxa are more sensitive to changes and collection
and storage conditions 227477-79_ This skew in sensitivity is likely due to differences in the
cellular composition of Gram-positive and Gram-negative bacteria, resulting in differ-
ences in their ability to preserve their DNA 788081 Freezing may improve DNA extraction
from some Gram-positive genera 438, This could explain why samples collected on
Dry Ice show a slightly higher proportion of samples classified into the Firmicutes enter-
otype than other collection methods 43. Overall, in line with the current research, the re-
sults suggest that on-market kits for microbial DNA stabilization are suitable for meta-
genomic analyses, especially for large epidemiological applications of microbiome profil-
ing, and are easy to handle for study participants 43. However, the chemistry of existing
stabilizing solutions can impact the recovery of microbial genomic content, resulting in a
source of bias ’°. Therefore, it is vital to identify the best-performing DNA stabilizers for a
given ecosystem and to account for this when comparing different studies 7°. Extraction
and collection protocols significantly impact the diversity and distribution of bacterial taxa.
Of all factors quantified in the first study, variation in DNA extraction protocol has the most
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considerable effect on the observed microbiome next to interindividual differences. This
effect may involve several mechanisms, but the primary factors are likely mechanical lysis
and bead-beating 2'-82-85_ Mechanical lysis primarily impacts Gram-positive bacteria yield
2182 Their cell walls have significantly higher mechanical strength 21:828.87 They are
harder to break down, perhaps leading to an overestimate of Bacteroidetes over Firmic-
utes, an underestimate of alpha diversity, and a resulting skew in enterotype assignment
in the presented study #3. This skew mimics a microbiome similar to that more often found
in obese or insulin-resistant subjects compared to healthy controls " and is thus a primary
potential source of error in any cross-cohort comparative study 3. Within this study, we
first applied confounder-aware analysis to separate associations between microbial taxa
and metadata, revealing that technical protocols substantially impact bacterial taxa com-
position.

Nevertheless, our univariate analysis discovered that diet significantly influences several
bacterial genera. Our findings strongly overlap with recent research linking dietary fat
intake to insulin resistance via the gut microbiome 8. The findings highlight the need to
carefully consider preanalytical methods when designing microbiome studies, especially

those examining populations with altered microbiomes.

Study 2 37 demonstrates the impact of complex comorbidities and the effect of a complex
sample matrix, e.g. low biomass samples like sputum, on microbiome results' reliability,
interpretability, and reproducibility. Study 2 37 illustrates the next major challenge in mi-
crobiome research: can we transfer knowledge from gut microbiome analysis to different
areas of microbiome research? | will outline how the pipelines used in analyzing the gut
microbiome of healthy subjects can be applied to samples from the sputum microbiome
of a population suffering from HIV and/ or COPD. | will also elucidate the composition and
dynamics of the sputum microbiome in HIV-associated COPD.

The results highlight the importance of considering the sample matrix and using con-
founder-aware statistics to disentangle the effects of clinical, socio-demographics, and
disease status on the sputum microbiome. We found up to 40% of human read contami-
nation in the sputum samples, with the highest contamination values in COPD+ samples.
It is known that low microbial biomass samples are more prone to technical biases and
can easily be masked by background DNA contamination '98%-°1, However, researchers
have focused on the contamination from reagents and kits and suggest using blank val-
ues as controls followed by post-hoc computational correction 9293, Within this second
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study, | discovered another source of contamination, DNA from host cells. In 2022, this
was first addressed briefly when introducing the new preprocessing pipeline LotuS ®* up-
date. This approach cannot be used as filtering is performed after clustering raw se-
quences to OTUs. We discovered that raw reads of human contamination already bias
OTU clustering, mimicking microbiome signatures for patient characteristics.

Moreover, we could show that systematic confounder analysis demonstrated the possi-
bility to disentangle the effects of HIV and COPD status, antiviral treatment, medication,
and socio-demographics, providing researchers with a valuable understanding of the spe-
cific dynamics in HIV-associated COPD. HIV status had a more profound impact on bac-
terial composition than COPD status 3”. However, our analysis showed the inability to
disentangle associations between HIV seropositivity, ART treatment, and its duration %’.
Therefore, it currently requires more work to separate the individual impacts of these fac-
tors. Nevertheless, certain genera such as Veillonella, Actinomyces, Atopobium, and Fil-
ifactor were significantly enriched in HIV-positive individuals in line with previous reports
37.95-97 These genera have been associated with proinflammatory cytokine production,
which may contribute to airway dysbiosis in HIV subjects, potentially interacting with other
COPD risk factors 37969 The COPD status is associated with a significantly increased
abundance of Selenomonas and a significant decrease in Gammaproteobacteria 3. Se-
lenomonas, known for its anaerobic metabolism, could thrive in the anaerobic conditions
of the airways in COPD patients . It has been suggested that Selenomonas interacts
positively with anaerobes like Campylobacter and Veillonellaceae, forming an anaerobic
consortium 379 We also identified significant associations between the sputum microbi-
ome and sociodemographic, clinical, and lifestyle characteristics, breaking ground for po-
tential new research hypotheses and exciting aspects to consider when conducting mi-
crobiome studies. A comparison of results with a UK-based HIV cohort ©° revealed sys-
tematic differences between the two cohorts regarding the Gram state of the bacteria,
reinforcing the results of Study 1 43 that preanalytical factors (in this case, the extraction
methods) significantly impact the study results.

The findings highlight the need to carefully consider the preprocessing of samples in ac-
cordance with their unique properties. Moreover, our systematic confounder analysis
demonstrated the possibility of unravelling the effects of various factors on the sputum
microbiome, such as HIV status, antiviral treatment, medication, and lifestyle. It provided
a valuable tool for understanding the dynamics in HIV-associated COPD.
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In Study 3 45, we demonstrated the universal applicability of our developed pipelines and
tools by using them to investigate the effects of PDE3A mutations on hypertension in an
animal model. Our findings contribute to the growing body of literature on translational
research, bridging the knowledge gained from human studies to unlock multi-omics in-
vestigations in animal models. We successfully established a link between consecutive
active mutant PDE3A and hypertension using novel rat models. CRISPR-Cas9 engineer-
ing allowed us to generate rat models with hyperactivity of the PDE3A enzyme and its
functional deletion. The mutant PDE3A enzyme has been shown to cause hypertension
in rats, resulting in significant differences in blood pressure values between groups. How-
ever, the mutant did not appear to affect renal function. These findings have led us to
propose a new hypothesis regarding the renoprotective effect of PDE3A mutations in a
rat kidney disease model. We are investigating this hypothesis in a chronic kidney disease
model and have published our findings in a rat model having acute kidney disease “¢. We

could furthermore show the cardioprotective effect of the mutant PDE3A enzyme.

In summary, researchers can obtain more accurate and informative data on the microbi-
ome and its role in human health and disease by carefully controlling for preanalytical
factors. The systematic confounder analysis demonstrated the possibility of disentangling
the effects of various factors on the sputum microbiome, such as HIV status, antiviral
treatment, medication, and lifestyle. This approach provides a valuable tool for under-
standing the effects of treatment, disease, and environment on the microbiome, allowing
researchers to distinguish these factors more clearly. These findings highlight the need
for meticulous consideration of preanalytical parameters, rigorous study design, and anal-
ysis to obtain reliable microbiome data.

4.3 Embedding the results into the current state of research

This work highlights the current state of microbiome analysis. Microbiome research has
gained widespread attention, stretching from human contexts to other scientific fields to
understand the microbiome’s influence on various ecological niches. The vast amount of
literature estimates how complex microbiome analysis is, considering the multitude of
preanalytical and postanalytical approaches in the field. In summary, the findings pre-

sented in this work are of essential value to this expanding research field, supporting the
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call for standardization and confounder consideration to obtain accurate microbiome as-
sociations 2349, With the increase of multi-omics approaches in all research fields, this
work can be generalized to other omics approaches, allowing researchers to conduct
more robust and standardized research.

We now have a more critical understanding of potential biases, giving us the knowledge
to support research across multiple omics fields to conduct more robust analyses.

4.4 Strengths and weaknesses of the studies

To critically address the validity of the presented study results, | evaluated the accuracy
and appropriateness of the study methodology. The provided points highlight some limi-
tations that should be considered: Study 1 3 only tested two extraction methods com-
monly used in microbiome studies. While these methods are widely utilized, it is essential
to acknowledge that other extraction methods may be available in the market, affecting
generalizability. Moreover, wet lab methods, e.g., extraction and collection protocols, con-
stantly evolve, introducing newer and more refined techniques. However, Study 1 43
acknowledges that standardization and commitment to a specific protocol may not be
feasible. To address this evolution in wet lab methods and sequencing pipelines, con-
founder analysis can be conducted to account for these variations and their potential im-
pact on the results. The results presented in Study 1 43 demonstrate the awareness of
limitations and a proactive approach to addressing them.

Furthermore, we could show that the confounder analysis applies to the second pre-
sented project, Study 2 3". We addressed the inability to disentangle HIV seropositivity
from ART and its duration in our data, which we were transparent about. However, it is
essential to consider generalizability limitations due to particular study characteristics,
such as the specific cohort used and the potential impact of preanalytical factors (extrac-
tion methods) on the results. Moreover, we could detect systematic differences between
the study cohort and a UK-based HIV cohort 9, particularly regarding the Gram state of
bacteria. This reinforces the need to consider preanalytical factors and potential popula-
tion variations when interpreting and generalizing the findings.

Finally, in Study 3 45, we demonstrate the accuracy and appropriate use of new methods
to generate and phenotype a rat model with hyperactivity of the PDE3A enzyme and its
functional deletion, allowing us to establish a link between consecutive active mutant

PDE3A and hypertension. We assessed the blood pressure values between groups and
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observed significant differences, indicating the impact of the mutant PDE3A enzyme on
hypertension. This outcome strengthens the validity of our study and supports the asso-
ciation between PDE3A mutations and hypertension. Additionally, we investigated the
cardiac and renal function in the rat models, providing valuable information and leading
us to propose a new hypothesis regarding the renoprotective effect of PDE3A mutations
in a rat kidney disease model.

In conclusion, while acknowledging the limitations and specific study contexts, the pre-
sented studies provide valuable insights and contribute to the scientific discourse in their
respective fields.

4.5 Implications for practice and/or future research

The present work suggests that previous studies reported incorrect results, leading to
erroneous conclusions and potentially misdirected research efforts. Future research in
this area will need to take steps to reduce or eliminate host DNA contamination, such as
using different sequencing technologies or increasing the sensitivity of bacterial detection
methods. Failure to address this issue could lead to continued inaccuracies and delays
in developing effective diagnostic and therapeutic interventions. Sharing this knowledge
with other research fields targeting the microbiome, such as environmental ecology, en-

sures accurate and reliable results.
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5 Conclusions

Comparability and reproducibility are major challenges facing microbiome research,
which this work aimed to examine. This thesis aimed to develop standardization strate-
gies for methods and utilize statistics to identify confounding factors and human variability
in microbiome research.

The most important finding from this work is the importance of implementing standardized
workflows. In situations where standardization proves infeasible or has not been realized,
as is the case in observational studies, it is mandatory to thoroughly investigate pre-ana-
lytical factors as they have the potential to introduce confounding effects. This work shows
the drastic impact of DNA extraction methods on observed microbiome variability and the
influence of misamplification with host DNA on microbiome signatures.

Moreover, this thesis shows that to identify host-microbiome interaction correctly, re-
searchers must be conscious of potential confounders and take steps to address them
during experimental design or through post hoc analysis. This approach ensures more
accurate and reliable results and is relevant to other omics fields, enabling researchers
to improve the robustness of their research and obtain more accurate results.
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