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1. Introduction  

1.1. Multifactorial diseases  

The majority of diseases are multifactorial and characterized by a complex interplay of 

genetic, environmental and lifestyle factors (Davey Smith et al. 2005). Due to this 

complexity, analyzing their underlying etiology and further pathogenesis is challenging. 

Besides the adaptation of extrinsic factors, understanding the genetic architecture of 

multifactorial diseases is crucial to develop personalized prevention and treatment 

strategies. 

1.1.1. Genetic architecture  

The genetic architecture of diseases is influenced by allele frequencies and effect sizes 

of underlying genomic variants (Fig. 1). The relationship between these two factors 

determines how genetic components contribute to the manifestation of a phenotype 

(Manolio et al. 2009).  

 

 

 

Figure 1: Classification of genetic variants contributing to diseases.  

Genetic variants are characterized by allele frequencies and effect sizes (odds ratio). Dashed lines indicate 
variants that are the focus of genetic analyses due to their detection potential or pathological impact. The 
spectrum ranges from rare variants with high effect sizes (Mendelian diseases) to common variants with low 
effect sizes (multifactorial diseases). Reprinted from Manolio et al. 2009. 
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Monogenic diseases result from mutations in single, disease-specific genes with low 

allele frequencies and high effect sizes. In general, these mutations directly influence 

disease pathophysiology and adhere to Mendelian inheritance patterns. For example, 

autosomal recessive mutations in the CFTR gene cause mucus obstructions in cystic 

fibrosis by limiting ion transport and subsequently the movement of water across 

membranes (Riordan et al. 1989; Farrell et al. 2020).  

In contrast, multifactorial diseases are characterized by various common variants, each 

with small effect size (Hindorff et al. 2011). The majority of these variants are single 

nucleotide polymorphisms (SNPs) which are defined as single base substitutions with a 

minor allele frequency (MAF) > 1 % (The International HapMap Project 2003). As 

disease-associated SNPs are predominantly located in non-coding regions, alterations 

in the regulation of gene expression contribute to the disease rather than modifications 

of the gene or its encoded protein (Maurano et al. 2012; Visscher et al. 2017). Genomic 

variants in enhancer elements or regulatory RNAs, for example, affect pre- and 

posttranslational processes and alter expression levels of a gene and its regulatory 

network (Caussy et al. 2014; Kapoor et al. 2014). Moreover, the contribution of SNPs to 

the pathophysiology of multifactorial diseases is affected by the general characteristics 

of SNP architecture and gene expression. Due to the polygenicity of multifactorial 

diseases and the pleiotropy of associated genomic loci and corresponding genes, 

regulatory processes are influenced by a broad spectrum of SNPs that partly overlap 

with related traits (Watanabe et al. 2019). Population stratification results in varying allele 

frequencies of SNPs and limits the generalizability of regulatory effects across 

populations (Cardon und Palmer 2003). Furthermore, gene expression patterns are 

specific to tissues and cell types and require a separated evaluation of regulatory 

processes in disease-associated compartments (Eraslan et al. 2022). The effect of SNPs 

on gene regulatory processes is additionally modulated by exogenous stimuli that 

influence underlying cellular pathways and affect the effect size of regulatory variants 

(Kim et al. 2014). Thus, both identifying variants associated with multifactorial diseases 

and analyzing their underlying pathophysiology is challenging and requires a detailed 

examination of gene regulatory processes. 
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1.2. Analysis of g ene regulatory mechanisms  

To cover the complex contribution of genomic variants in gene regulatory mechanisms 

of multifactorial diseases a broad spectrum of analyses is available, primarily based on 

genotype and expression data. While association studies aim to identify variants or 

genes contributing to diseases, expression quantitative trait loci (eQTL) focus on 

elucidating underlying regulatory processes. Finally, functional enrichment analyses 

provide various options to integrate disease-associated SNPs and genes in physiological 

and pathophysiological contexts. 

1.2.1. Association studies  

A fundamental approach to associate variants with diseases are genome-wide 

association studies (GWAS). By analyzing large case-control cohorts, GWAS can 

identify SNPs that occur more frequently in individuals with a specific disease compared 

to healthy controls (The Wellcome Trust Case Control Consortium 2007; Abdellaoui et 

al. 2023). As genomic variants are biased by the effects of linkage disequilibrium (LD) 

(Reich et al. 2001; Gabriel et al. 2002) and population stratification (Cardon und Palmer 

2003), it is necessary to account for these factors. Different fine-mapping and regression 

techniques enable pinpointing causal variants within trans-ethnic or ethnic-specific 

associated regions (Schaid et al. 2018; Mägi et al. 2017). Based on GWAS data, 

polygenic risk scores (PRS) can be computed to estimate an individualôs risk of a disease 

(Chatterjee et al. 2016). Additionally, integrating GWAS with eQTL data allows the 

prediction of gene expression profiles that can be associated with diseases in 

transcriptome-wide association studies (TWAS) (Wainberg et al. 2019). Phenome-wide 

association studies (PheWAS) extend the analysis of specific variants by examining their 

associations with a wide range of phenotypes, thereby revealing pleiotropic effects of 

disease-associated genomic loci (Denny et al. 2010).  

1.2.2. Expression quantitative trait loci  

As eQTL are defined as genomic loci that partly explain variation in expression levels of 

distinct genes (eGenes), the identification of these loci is of particular interest with regard 

to multifactorial diseases. Linking disease-associated SNPs to genes and pathways is 

crucial to understand underlying pathomechanisms. Depending on the distance of a SNP 

to its regulated gene, eQTL are differentiated into cis- and trans-eQTL. While cis-eQTL 

are located within 1 megabase from a geneôs transcription start site, trans-eQTL can 

affect the expression of more distant genes (Cheung und Spielman 2009). Since these 
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effects were first described in yeast (Brem et al. 2002), numerous genomic variants have 

been further characterized by eQTL analyses (Kim et al. 2014; Heinrichs et al. 2018). 

Due to the specificity of gene regulatory processes, eQTL have been analyzed in 

population- and tissue-specific contexts as well as in single cells (Stranger et al. 2012; 

Human genomics. The Genotype-Tissue Expression (GTEx) pilot analysis: multitissue 

gene regulation in humans 2015; van der Wijst et al. 2018). Under pathophysiological 

conditions cells are exposed to differing stimuli that affect gene regulatory mechanisms 

and thus alter the influence of regulatory variants. Therefore, exposure eQTL (e2QTL) 

are of particular interest as they address the cellular response to distinct exogenous 

factors (Fairfax et al. 2014). Comparing eQTL under baseline conditions and stimulation 

enables pinpointing SNPs that are especially relevant for the regulation of disease-

related pathways (Kim-Hellmuth et al. 2017). 

1.2.3. Functional enrichment analysis  

While association and eQTL studies focus on identifying variants and regulated genes, 

functional enrichment analyses enable integrating these results in physiological and 

pathophysiological processes. In general, enrichment analyses utilize different statistical 

methods to test whether identified variants or genes are overrepresented compared to a 

reference dataset (Da Huang et al. 2009). 

Today, various tools and approaches are available to cover the wide range of functional 

categories. For example, ClusterProfiler (Yu et al. 2012) performs overrepresentation 

analysis based on hypergeometric tests (Boyle et al. 2004). By accessing different 

databases, it allows for functional enrichment analyses with respect to pathways 

(Kanehisa und Goto 2000; Fabregat et al. 2017), gene ontology (GO) (Thomas et al. 

2022) and diseases (Schriml et al. 2019). Additionally, gene set enrichment analysis 

(GSEA) can be performed for molecular signatures (Liberzon et al. 2015) using 

Kolmogorov-Smirnov-like statistics in a permutation based approach (Mootha et al. 2003; 

Subramanian et al. 2005). TissueEnrich (Jain und Tuteja 2019) complements the 

functional categories by providing tissue-specific data from the Genotype-Tissue 

Expression (GTEx) project (The GTEx Consortium atlas of genetic regulatory effects 

across human tissues 2020) for enrichment analysis. Moreover, stratified linkage 

disequilibrium score regression (LDSC) tests enrichment of a gene set by partitioning the 

SNP-based heritability of a certain trait utilizing GWAS data (Finucane et al. 2015). Due 

to the variety of statistical methods and databases, the functional characterization of 
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variants and genes enables a more detailed classification of their role in physiological 

and pathophysiological processes. 

1.3. Aim of this thesis  

To unveil pathophysiological mechanisms in multifactorial diseases it is necessary to 

understand the interplay between genetic, environmental and lifestyle factors. In this 

context, gene regulatory mechanisms play a pivotal role as they integrate the response 

to exogenous stimuli with the inter-individual genetic variability. 

This thesis aims to expand the knowledge of multifactorial diseases, focusing on the 

characterization of gene regulatory variants. Therefore, a broad spectrum of analyses is 

covered, encompassing higher-level associations of expression level, genetic 

association and evolutionary conservation (Giel et al. 2024) down to regulatory 

processes in the gastric transcriptome (Koebbe et al. 2024). Examining regulatory effects 

in DNA damage-induced apoptosis further highlights the impact of regulatory variants in 

the specific context of oncological diseases. The analysis of SNPs based on association 

and eQTL studies not only contributes to a better understanding of pathophysiological 

processes but also forms the basis to discover new targets for disease monitoring and 

treatment. Considering the individual SNP architecture, personal approaches can enable 

more efficient and successful strategies to reduce the burden of multifactorial diseases. 
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2. Summary of the publications  

2.1. Analysis  of Evolutionary Conservation, Expression Level, 

and Genetic Association at a Genome -wide Scale Reveals 

Heterogeneity Across Polygenic Phenotypes  

Ann-Sophie Giel*, Jessica Bigge *, Johannes Schumacher, Carlo Maj and Pouria Dasmeh 

* These authors contributed equally to this work. 

Molecular Biology and Evolution (2024), DOI: 10.1093/molbev/msae115 

2.1.1. Scientific summary  

Disease-associated variants and genes exhibit distinct characteristics that affect the 

evolutionary conservation and selection of diseases. The relationship between genetic 

association and evolutionary rate represents a fundamental question in evolutionary 

medicine and is of particular interest for studying polygenic phenotypes (Priedigkeit et 

al. 2015; Di et al. 2021). With regard to the effects of pleiotropy and polygenicity in 

multifactorial diseases, incorporating evolutionary conservation can improve the 

detection of causal variants and underlying pathophysiological processes. While 

previous studies agree on an inverse correlation between evolutionary rate and 

expression level (Drummond und Wilke 2008; Dasmeh et al. 2017), there are conflicting 

findings regarding the correlation between evolutionary rate and disease association of 

genes (López-Bigas und Ouzounis 2004; Smith und Eyre-Walker 2003). By utilizing 

association data from 4,756 GWAS published in the GWAS ATLAS (Tian et al. 2020; Liu 

et al. 2023; Database Resources of the National Genomics Data Center, China National 

Center for Bioinformation in 2024 2024) as well as expression data from 29 major tissues 

provided by GTEx (The GTEx Consortium atlas of genetic regulatory effects across 

human tissues 2020), the relationship between expression level and evolutionary rate of 

disease-associated genes was investigated and compared to monogenic diseases as 

well as evaluated with regard to its variation across tissues. 

To study the relationship between expression level and evolutionary rate of associated 

and nonassociated genes, schizophrenia (SCZ) and coronary artery disease (CAD) were 

selected due to their low genetic correlation (Rg ~ 0.03). The evolutionary rate was 

defined as the dN/dS metric representing the rate of nonsynonymous to synonymous 

substitutions (Kryazhimskiy und Plotkin 2008). The 1,000 genes with the highest and 

lowest association with a trait were selected based on MAGMA Z-scores (Leeuw et al. 

2015). We observed a significantly lower evolutionary rate in genes associated with SCZ 
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compared to nonassociated genes (Fig. 1 a), but we could not confirm a significant 

difference in CAD (Fig. 1 b). By evaluating the difference in expression levels of highly 

and lowly associated genes across tissues, we found brain tissues to show the most 

significant difference in SCZ and the least significant in CAD (Fig. 1 c, d). Furthermore, 

we compared the expression level and evolutionary rate of highly associated genes 

(MAGMA Z-score > 5) to human genes categorized into deciles. While the evolutionary 

rate was most comparable to that of genes in the fifth decile for both diseases, the 

expression level showed a small difference, aligning with the sixth decile for SCZ and to 

the sixth and seventh decile for CAD (Fig. 2). Although we found highly associated genes 

(MAGMA p-value < 2.84 x 10-6, Z-score > 4.5 ) of SCZ and CAD to overlap with genes 

implicated in similar monogenic diseases, we did not observe a difference in the 

evolutionary rate of these genes (Fig. 3). Next, we extended our analysis to all 

phenotypes represented in the GWAS ATLAS to categorize disease domains based on 

the expression level and evolutionary rate of associated genes. While immunological 

traits were overrepresented among traits exhibiting higher evolutionary rates of 

associated genes, metabolic traits were overrepresented among traits exhibiting lower 

evolutionary rates of associated genes. Moreover, both trait domains were found to be 

enriched among traits with high expression levels of associated genes. Lastly, psychiatric 

traits were overrepresented among traits with low expression levels of associated genes 

(Supplementary Fig. S 5). By correlating genetic association with either gene expression 

or evolutionary rate, we found the majority of traits exhibiting a positive correlation 

between genetic association and expression level. Immunological traits, in particular, 

showed an additional positive correlation between genetic association and evolutionary 

rate, indicating positive selection, whereas metabolic traits showed an opposite effect, 

indicating purifying selection (Fig. 4). As the expression level of genes differs across 

tissues, we examined our results regarding their tissue specificity. The number of 

enriched tissues for trait-associated genes ranged from no enrichment in any tissue to 

enrichment in all tissues. The latter case applied especially to neurological and 

cardiovascular traits (Fig. 5 a, b). However, we did not observe significant changes 

regarding the correlation between genetic association and expression level across 

different tissues (Fig. 5 c). Finally, we took a closer look at the short-time evolution of 

associated genes by including the direction of selection (Stoletzki und Eyre-Walker 2011; 

Moutinho et al. 2019) and confirmed our findings regarding the different selective 

pressures on immunological and metabolic traits (Fig. 6). 
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2.1.2. Description  of own contribution  

Primarily, I participated in the analyses regarding tissue specificity by calculating 

enrichment scores (Fig. 5). Furthermore, I was involved in identifying different sets of 

trait-associated genes and in discussing and interpreting the effects of different 

expression levels. Additionally, I contributed to writing and reviewing the manuscript. 

 

2.2. The genetic regulation of the gastric transcriptome is 

associated with metabolic and obesity -related traits and 

diseases  

Laura L. Koebbe, Timo Hess, Ann-Sophie Giel, Jessica Bigge , Jan Gehlen, Vitalia Schueller, 
Michael Geppert, Franz Ludwig Dumoulin, Joerg Heller, Michael Schepke, Dominik Plaßmann, 

Michael Vieth, Marino Venerito, Johannes Schumacher and Carlo Maj 

Physiological Genomics (2024), DOI: 10.1152/physiolgenomics.00120.2023 

2.2.1. Scientific summary  

Due to the heterogeneity of gene regulatory mechanisms, the analysis of tissue-specific 

transcriptomes allows for a better understanding of physiological and pathophysiological 

processes. This was previously shown by the GTEx project which analyzed expression 

profiles of 49 human tissues (The GTEx Consortium atlas of genetic regulatory effects 

across human tissues 2020). Even though gastric data is included, the analysis is limited 

to the corpus region of the stomach and does not cover differences within other gastric 

regions (McDonald und MacFarlane 2018). This is of particular interest, as the stomach 

is divided into two functionally different parts. While the proximal stomach is 

characterized by oxyntic mucosa and populated by glands to secrete digestive juice, the 

distal stomach is more muscular and characterized by antral mucosa populated by 

pyloric glands to secrete mucus (Soybel 2005; O'Connor und O'Moráin 2014; Engevik et 

al. 2020). To cover both major functional regions of the stomach, we performed eQTL 

analyses of corpus and antrum. This approach enables studying the role of gene 

regulatory variants in normal physiology and evaluating their contribution to 

pathophysiological processes by combining eQTL results with GWAS data.  

Transcriptomic profiling and clustering of differential expressed genes in corpus and 

antrum revealed differences between both gastric sites and little influence by the intake 

of proton pump inhibitors (Supplemental Tab. S7, Supplemental Fig. S2). Site-specific 

gene sets (Bryois et al. 2020) exhibited an overlap of 57 % as well as the strongest GTEx 
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tissue enrichment for stomach (Supplemental Tab. S2, S3, Supplemental Fig. S3). 

Pathway enrichment analysis further supported transcriptomic differences between both 

gastric sites, highlighting pathways related to gastric acid secretion and energy 

metabolism in corpus and pathways related to cell cycle and mitosis in antrum 

(Supplemental Table S10, S11). To evaluate gene regulatory mechanisms, we analyzed 

cis-eQTL and found the majority of eQTL to be shared across both regions. Notably, the 

most significant genes regulated by eQTL exhibited a smaller overlap between antrum 

and corpus and represented 40 % to 48 % of the site-specific gene sets (Supplemental 

Table S14, S15). By determining the pairwise correlation between GTEx tissues based 

on eQTL effect sizes, we found corpus and antrum eQTL to be shared across different 

tissues with the strongest correlation for stomach-related tissues (Fig. 1). To extend the 

analysis with regard to the contribution of eQTL in pathophysiological processes, we 

performed LDSC of selected ICD10 codes, to test enrichment for GWAS signals of 

metabolic diseases. Overall, 14 diseases, predominantly related to the cardiovascular 

system, metabolism and obesity, showed significant enrichment for antrum- and corpus-

specific gene sets (Fig. 2). These results were supplemented by an additional LDSC of 

endophenotypes which showed a great overlap of antrum- and corpus-specific 

enrichments and further supported the previously identified diseases by reflecting 

underlying phenotypes with respect to physical measurements and blood chemistry (Fig. 

3). To identify candidate genes affecting metabolic and obesity-related diseases, we 

performed TWAS and observed 26 associations of predicted gene expressions with traits 

and diseases (Fig. 4). The dysregulation of NQO1 in cataracts, MUC1 in gout and 

RAB27B in different weight-associated traits were of particular interest, as all genes 

showed eQTL effects leading to increased expression in carriers of the GWAS risk alleles 

(Fig. 4, 5).  

2.2.2. Description of own contribution  

The contribution to this publication includes the assistance in the analysis of eQTL as 

well as the discussion and interpretation of results. 
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2.3. Expression quantitative trait loci influence DNA damage -

induced apoptosis in cancer  

Jessica Bigge , Laura L. Koebbe, Ann-Sophie Giel, Dorothea Bornholdt, Benedikt Buerfent, 
Pouria Dasmeh, Alexander M. Zink, Carlo Maj and Johannes Schumacher 

Accepted for publication in BMC Genomics 

2.3.1. Scientific summary  

The DNA damage response (DDR) comprises several pathways to maintain genomic 

integrity by either repairing DNA lesions or eliminating damaged cells (Jackson und 

Bartek 2009). As evasion of apoptosis represents an initial hallmark of cancer 

progression (Hanahan und Weinberg 2011), the elucidation of underlying 

pathomechanisms is of particular interest for the prevention, therapy and resistance of 

oncological diseases (O'Connor 2015). While the different forms of apoptosis are well-

characterized, their regulation by the DDR is complex and not yet completely understood 

(Roos und Kaina 2013; Zio et al. 2013; Carneiro und El-Deiry 2020). The analysis of 

e2QTL in the context of DNA damage-induced apoptosis allows for both the identification 

of regulatory mechanisms and the evaluation of how inter-individual genetic variability 

influences the cellular response (Bouwman und Jonkers 2012).  

To analyze regulatory processes of DNA damage-induced apoptosis, we stimulated 

CD8+ T cells with high doses of five different carcinogens to induce early apoptosis. 

Methyl-methanesulfonate, tert-butyl-hydroperoxide, benzo(a)pyrene-7,8-diol 9,10-

epoxide, 4-hydroxycyclophosphamide and ultraviolet radiation were chosen to cover the 

broad spectrum of DNA lesions and addressed repair pathways (Lundin et al. 2005; 

Altman et al. 1994; Baird et al. 2005; Hengstler et al. 1997; Rastogi et al. 2010). The 

stimulated cells, along with an untreated control, were subsequently used for 

transcriptional analysis and genotyping (Fig. 1 a). Expression profiling revealed a high 

number of downregulated genes representing 85 % to 99 % of differentially expressed 

genes across stimuli (Fig. 1 b). While downregulated genes tended to be shared across 

stimuli, the smaller portion of upregulated genes was predominantly specific to distinct 

stimuli (Fig. 1 c). Only 8 genes were commonly upregulated, including the snRNAs 

RNU4-2 and SNORD3A, while other genes like PPA1, GADD45B or RPS14 exhibited 

stimulus-specific effects (Supplementary Fig. S1a, Supplementary Tab. S1). To further 

evaluate the general inhibition of transcription, we performed an enrichment analysis of 

GO terms for common downregulated genes. By clustering ranked GO terms, stimuli 

addressing the same DNA repair pathways exhibited more similarities in enriched GO 

terms compared to stimuli addressing different repair pathways (Fig. 1 d). As we were 
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primarily interested in the underlying regulatory processes, we conducted cis-eQTL and 

e2QTL analysis and identified 654 regulated eGenes across conditions. Among them, 61 

% to 69 % were differentially expressed and 4 % to 5 % exhibited significant e2QTL 

effects (Fig. 2 a). Furthermore, we found an inverse correlation between the number of 

differentially expressed genes and eGenes across stimuli (Fig. 2 b). Since regulatory 

mechanisms are cell type specific, we were interested in the specificity of eQTL identified 

in CD8+ T cells. Therefore, we compared effect sizes of our eQTL with GTEx whole blood 

data and found opposite effects for 38 eGenes, including SMPD4, which was also 

reported as e2QTL (Fig. 2 c). An additional enrichment of GO terms using all eGenes 

revealed different leukocyte and T cell-specific processes as well as stimulus-specific 

differences (Fig. 2 d). Finally, we tested whether regulatory variants represent GWAS 

risk variants to link them to multifactorial diseases. We found that 7 eGenes were 

associated with GWAS risk variants for 5 oncological and 2 neuropsychiatric diseases 

(Tab 1). Especially the opposite eQTL effect for XBP1 in breast and ovarian cancer and 

the strong colocalization of the e2QTL variants for KLF2 with GWAS of multiple myeloma 

across stimuli (Fig. 3, Supplementary Fig. S3 b, c) emphasized the impact of regulatory 

variants on the pathophysiology of oncological diseases. 

2.3.2. Description of own contribution  

Being responsible for this project, I extracted DNA and RNA from CD8+ T cells and 

prepared libraries for sequencing. Furthermore, I performed the bioinformatic analysis 

as well as its interpretation and wrote and designed the manuscript and included figures.  
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3. Discussion  

Understanding the genetic components of multifactorial diseases is challenging and 

requires a broad spectrum of approaches to address the complexity of extrinsic and 

intrinsic factors influencing the pathophysiological processes. The identification of gene 

regulatory variants enables the characterization of regulatory mechanisms and the 

assessment of inter-individual variability on the cellular response. Considering different 

perspectives of higher-level associations, general physiological processes and disease-

specific pathomechanisms, it is feasible to uncover the impact of regulatory variants and 

leverage their effects to improve the prediction and treatment of multifactorial diseases. 

3.1. Analysis of Evolutionary Conservation, Expression Level, 

and Genetic Association at a Genome -wide Scale  Reveals 

Heterogeneity Across Polygenic Phenotypes  

By analyzing the relationship of evolutionary conservation, expression level and disease 

association in CAD and SZC we found both higher-level correlations and disease-

specific differences. Our results indicate a positive correlation between disease 

association and expression level and support the concept of the intermediate essentiality 

of disease-relevant genes (Jain und Stephan 2017). Since changes in genes with low 

essentiality are predominantly tolerated and changes in genes with high essentiality are 

predominantly lethal, genes contributing to complex traits and diseases are expected to 

lie between these extremes (Barghi et al. 2020). As we found a negative correlation of 

evolutionary rate and genetic association for SZC but not for CAD, we extended our 

analysis to 4,756 complex traits in the GWAS ATLAS to examine trait-specific 

differences. The majority of traits exhibited high expression levels and low evolutionary 

rates of associated genes. Our findings, showing that these traits are predominantly 

metabolic, support previous observations of purifying selection on the central metabolism 

(Beaumont 1988; Maddamsetti 2022). Notably, no significant traits exhibited the opposite 

correlation. Given that multifactorial traits are characterized by a complex network of 

gene and protein interactions, genes that are lowly expressed and fast evolving are less 

likely to contribute to disease manifestation (Hahn und Kern 2005; Lemos et al. 2005; 

Drummond et al. 2006; Barrio-Hernandez et al. 2023). In contrast, immunological traits 

were overrepresented among traits exhibiting high expression levels and high 

evolutionary rates of disease-associated genes, indicating positive selection. This was 

previously described for proteins involved in immune response due to the importance of 
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these processes for survival (Kosiol et al. 2008; Barreiro und Quintana-Murci 2010). 

Despite our efforts to account for different factors that might bias our study, including 

gene length as well as the number and power of trait-specific GWAS, two key limitations 

should be acknowledged. The fact that the majority of traits in the GWAS ATLAS was 

studied in European populations limits the generalizability of our results to other 

populations. In addition, we used the third release of the GWAS ATLAS (2019). As 

coverage and power of GWAS constantly increase, this might affect the replication of our 

findings in future studies. 

To conclude, our study provides new insights in the relationship of evolutionary 

conservation, expression level and genetic association across complex phenotypes. By 

highlighting the trait-specific tendencies, it offers an additional approach to pinpoint 

variants and genes in disease-associated loci and therefore improves the 

characterization of regulatory mechanisms in multifactorial diseases. 

3.2. The genetic regulation of the gastric trans criptome is 

associated with metabolic and obesity -related traits and 

diseases  

The analysis of gene regulatory variants under physiological conditions forms the basis 

for understanding associations and dysregulations in diseases. In this study, we 

examined the transcriptomic profile of two gastric sites, antrum and corpus, to 

characterize regulatory differences and their contribution to multifactorial diseases. 

Expression analysis revealed a high number of differentially expressed genes with a 

substantial overlap between both sides, which was expected for related tissues (Bryois 

et al. 2020). This suggests strong co-regulation of expression in both regions with a 

smaller share of distinct regulatory mechanisms defining the functional difference. 

Moreover, pathway analysis reflected the functional characteristics of both sites by 

showing a higher rate of epithelial renewal in antrum and a higher rate of energy-

demanding processes related to the gastric juice production in corpus (Farrar und Bower 

1967; Helander und Keeling 1993; Kitsanta et al. 2005). To examine underlying 

regulatory mechanisms, we analyzed cis-eQTL and found a substantial influence of 

genetic variability on the gastric physiology as a large fraction of site-specific genes was 

regulated by eQTL. Furthermore, site-specific genes were associated with metabolic, 

obesity-related and cardiovascular traits, linking the transcriptomic profile and its 

regulation by genomic variants to multifactorial traits and diseases. Utilizing TWAS, we 

defined putative effector genes for associated traits and diseases based on the 
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genetically predicted expression. NQO1 was shown to be associate with increased 

HbA1c levels and cataracts. Since HbA1c levels have been identified as risk factor for 

cataracts (Drinkwater et al. 2019), we linked this finding to the effect of the regulatory 

variant rs3790083 and increased expression of NQO1 in corpus. Additionally, we 

observed an association of the predicted expression of MUC1 with decreased serum 

urate and urea levels which lead to alterations in the physiological and protective 

functions of the stomach and represent a risk factor for gout (Keenan 2020). GWAS in 

the East Asian population have described associations of blood urate and urea levels as 

well as gout at the MUC1 locus (Kanai et al. 2018; Nakatochi et al. 2019; Teng et al. 

2021). Our findings confirm these associations in the European population and explain 

the underlying regulatory mechanisms by the eQTL effect of rs2075571 leading to an 

increased expression of MUC1 in carriers of the GWAS risk alleles. Lastly, we found 

associations for the predicted expression of RAB27B with different BMI-related traits. 

While the genomic variant rs8092503, which is in strong LD (r2 > 0.95) to an eQTL for 

RAB27B, was previously associated with childhood BMI (Felix et al. 2016), our results 

enable identifying the affected gene as well as other related traits associated with 

RAB27B. 

To summarize, the gastric transcriptome is characterized by a high heterogeneity and is 

influenced by genomic variants which partly explain dysregulations in metabolic and 

obesity-related traits. These results highlight the opportunity and necessity to combine 

different approaches to evaluate the role of gene regulatory variants in multifactorial 

diseases. 

3.3. Expression quantitative trait loci influence DNA damage -

induced apoptosis in cancer  

With regard to the context specificity of cellular responses to stimuli, e2QTL analyses 

focus on regulatory differences mediated by genomic variants. This approach allows for 

the characterization of pathophysiological processes within distinct pathways. To 

evaluate the response to DNA damage-induced apoptosis, we performed expression 

analysis of CD8+ T cells treated with high doses of different carcinogens. The expression 

profile is consistent with previous studies that reported an inhibition of transcription. 

Additionally, our results support the assumption of a selective downregulation depending 

on the type of DNA lesion (Gentile et al. 2003; Lu et al. 2009). Upregulated genes, 

including the snRNAs RNU4-2 and SNORD3A (Godel et al. 2020; Luo et al. 2020; Wang 

et al. 2022a) as well as PPA1, GADD45B and RPS14 (Takekawa und Saito 1998; Wang 
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et al. 2021; Wang et al. 2022b; Menteĸ und Yandēm 2023; Hu et al. 2023), are associated 

with DDR, cancer and apoptosis confirming the induction of DNA damage-induced 

apoptosis and additionally indicating the relevance of regulatory networks within this 

pathway through the shared upregulation of snRNAs. To further evaluate the underlying 

regulatory processes, we analyzed cis-eQTL and e2QTL and found a substantial impact 

of genomic variants on the regulation of DNA-damaged induced apoptosis. The inverse 

correlation between the number of differential expressed genes and genes regulated by 

eQTL supports the earlier hypotheses about a restricted influence of gene regulatory 

variants on the cellular response to external stimuli (Oelen et al. 2022). However, the cell 

type and context specificity of our study provides deeper insights into the regulation of 

the response compared to previous approaches. This was especially shown by the 

regulation of SMPD4 which exhibited eQTL effect sizes that differed not only for 

CD8+ T cells compared to whole blood but also in the context of DNA damage-induced 

apoptosis. Since SMPD4 is known to be involved in DDR and dysregulated in several 

tumors (Corcoran et al. 2008), our results emphasize the relevance to address cell type 

and context specificity in the analysis of gene regulatory processes. By integrating 

regulatory variants with GWAS, we were able to associate identified eGenes with 

different multifactorial diseases. The association of eGenes with predominantly 

oncological diseases highlights the impact of genomic variants on dysregulations of DNA 

damage-induced apoptosis in cancer. Furthermore, our results also indicate the 

relevance of this pathway in neuropsychiatric diseases by reporting associations of the 

eGene PLEC with multiple sclerosis (International Multiple Sclerosis Genetics 

Consortium 2019) and bipolar disorder (Mullins et al. 2021) for which DDR and apoptosis 

have been described as risk factors (Fries et al. 2014; Jonkers und Wijmenga 2017). 

Among the cancer-related associations, the context-specific regulation of XBP1 and 

KLF2 are of particular interest. Given its role in the unfolded protein response and its 

responsiveness to estrogen, XBP1 has been previously described in the context of 

breast and ovarian cancer with opposite expression profiles in corresponding cancer 

cells (Chen et al. 2014; Willis et al. 2016; Chen et al. 2020). The identified eQTL for XBP1 

supports these findings and links the regulatory effect to the corresponding GWAS 

variants (Michailidou et al. 2017; Phelan et al. 2017). KLF2 was the only significantly 

downregulated gene that was additionally regulated by e2QTL across stimuli addressing 

excision-based repair pathways. Despite the role of KLF2 as tumor suppressor in several 

cancers (Li et al. 2020; Li et al. 2023), our results exhibited an increased expression of 

KLF2 in carriers of GWAS risk alleles for multiple myeloma (Went et al. 2018). Our 

findings thus support the earlier hypothesis that KLF2 is relevant to maintain survival of 
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multiple myeloma cells by preventing cell death (Ohguchi et al. 2016). Furthermore, the 

significant e2QTL effects across stimuli indicate that single base modifications are more 

likely to contribute to the KLF2-related pathophysiology of multiple myeloma. Even 

though the cell type and context specificity of our study enhances the characterization of 

regulatory variants, they also limit the generalizability of our findings to other cell types 

and populations, given that our findings rely on GWAS in the European population.  

Nonetheless, the analysis of e2QTL in the context of DNA damage-induced apoptosis 

highlights the impact of distinct pathways and their individual regulation in oncological 

diseases. Extending the analysis to additional pathways allows for a comprehensive 

characterization of cancer pathophysiology and facilitates the evaluation of putative drug 

targets. 

3.4. Conclusion  

Our studies contribute to the elucidation of the genetic architecture of multifactorial 

diseases. Examining gene regulatory processes from different perspectives allows for a 

comprehensive characterization of regulatory variants and provides an enhanced 

understanding of the pathophysiology of multifactorial diseases. The identified variants 

and genes are of particular interest for future research as they lay the foundation for new 

prevention and treatment strategies.  
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4. Summary  

Multifactorial diseases are characterized by the cumulative effect of multiple genetic risk 

factors. The vast majority of these risk factors represent gene regulatory variants that 

modulate the expression of genes. This thesis focuses on different approaches for the 

identification and characterization of gene regulatory variants with respect to diseases. 

By analyzing the relationship between evolutionary conservation, expression level and 

genetic association in multifactorial diseases, we identified both higher-level correlations 

and phenotype-specific differences. The majority of genes associated with traits in the 

Genome-Wide Association Study ATLAS exhibited a positive correlation between 

genetic association and expression level. The correlation between genetic association 

and evolutionary rate, however, exhibited trait-specific differences. In particular, we 

found significantly higher evolutionary rates for genes associated with immunological 

traits compared to genes associated with metabolic traits. Notably, the expression level 

of trait-associated genes was consistent across different tissues and the evolutionary 

rate did not significantly change when compared with genes implicated in monogenic 

diseases. These results underline the smaller impact of low-expressed genes on the 

development of diseases and indicate differing selective pressures on multifactorial 

phenotypes. The observed relations between expression level and evolutionary 

conservation of genes might help in future to prioritize genetic variants and regulated 

genes as disease-relevant for multifactorial diseases. 

In a second study, we analyzed the transcriptomic profile of two gastric regions, antrum 

and corpus, to evaluate the role of gene regulatory variants in gastric physiology as well 

as their contribution to pathophysiological processes. Expression analysis revealed a 

high number of differentially expressed genes with a significant overlap between both 

gastric sites. Enriched pathways showed functional characteristics that are related to 

epithelial renewal in antrum and to energy metabolism and gastric juice production in 

corpus. Furthermore, site-specific genes were regulated to a notable extent by 

expression quantitative trait loci and showed associations to cardiovascular, metabolic 

and obesity-related traits. Based on transcriptome-wide association studies we identified 

gene regulatory variants leading to a dysregulation of NQO1 in cataracts, MUC1 in gout 

and RAB27B in different weight-associated traits. Our study thus linked the 

transcriptomic profile and its regulation by genomic variants to multifactorial diseases. 

The results highlight the role of regulatory variants in defining functional differences 

across related tissues and underline the impact of these variants on pathophysiological 

processes. 
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To further consider the effect of exogenous stimuli on gene regulatory mechanisms in 

multifactorial diseases, we analyzed exposure expression quantitative trait loci in the 

context of DNA damage-induced apoptosis. Transcriptional profiling of CD8+ T cells 

treated with high doses of different carcinogens revealed a selective downregulation of 

transcription that was influenced by the type of DNA lesion. By analyzing expression 

quantitative trait loci, we identified 654 genes regulated by genomic variants. Among 

them, 61 % to 69 % were differentially expressed and 4 % to 5 % exhibited context 

specific effects. Due to the cell type and context specificity of our study, we found 

divergent effects of genomic variants compared to previous studies in whole blood under 

baseline conditions. By integrating regulatory variants with data from genome-wide 

association studies, we were able to identify associations with different oncological 

diseases. In particular, we found a context-specific regulation of XBP1 as risk factor for 

breast and ovarian cancer as well as of KLF2 as risk factor for multiple myeloma. These 

results underline the relevance of DNA damage-induced apoptosis for cancer 

pathophysiology and highlight the impact of inter-individual genetic variability on 

regulatory mechanisms in oncological diseases. 

To conclude, the present studies on gene regulatory mechanisms contribute to the 

elucidation of the genetic architecture of multifactorial diseases. The results highlight the 

role of regulatory variants in pathophysiological processes and provide new targets for 

personalized prevention and treatment strategies.  
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5. Zusammenf assung  

Multifaktorielle Erkrankungen sind durch den kumulativen Beitrag vieler genetischer 

Risikofaktoren gekennzeichnet. Bei der großen Mehrheit dieser Risikovarianten handelt 

es sich um genregulatorische Varianten, die die Expression von Genen steuern. 

Gegenstand vorliegender Arbeit sind unterschiedliche Ansätze, die der Identifizierung 

und Charakterisierung von genregulatorischen Varianten im Hinblick auf Erkrankungen 

dienen. 

Durch die Analyse der Beziehung zwischen Evolutionsrate, Expressionsniveau und 

genetischer Assoziation in multifaktoriellen Erkrankungen konnten wir sowohl 

übergeordnete als auch Phänotyp-spezifische Zusammenhänge identifizieren. Die 

Mehrheit der Gene, die mit Phänotypen aus dem Genome-Wide Association Study 

ATLAS assoziiert sind, zeigte eine positive Korrelation zwischen genetischer Assoziation 

und Expressionsniveau. Die Korrelation zwischen genetischer Assoziation und 

Evolutionsrate hingegen wies Phänotyp-spezifische Unterschiede auf. Insbesondere 

fanden wir signifikant höhere Evolutionsraten für Gene, die mit immunologischen 

Phänotypen assoziiert sind, im Vergleich zu Genen, die mit metabolischen Phänotypen 

assoziiert sind. Bemerkenswerterweise war das Expressionsniveau assoziierter Gene in 

verschiedenen Geweben konstant und die Evolutionsrate unterschied sich nicht 

gegenüber Genen, die an monogenen Erkrankungen beteiligt sind. Unsere Ergebnisse 

unterstreichen den geringeren Einfluss von schwach exprimierten Genen auf die 

Entwicklung von Krankheiten und weisen auf unterschiedliche Selektionsdrücke bei 

multifaktoriellen Phänotypen hin. Die beobachteten Zusammenhänge zwischen 

Expressionsniveau und evolutionärer Konservierung von Genen könnten zukünftig 

helfen, genetische Varianten und regulierte Gene als krankheitsrelevant für 

multifaktorielle Erkrankungen zu priorisieren. 

In einer zweiten Untersuchung haben wir das Genexpressionsprofil von zwei 

Magenregionen, Antrum und Corpus, analysiert, um die Bedeutung genregulatorischer 

Varianten für physiologische und pathophysiologische Prozesse zu beurteilen. Die 

Expressionsanalyse ergab eine große Anzahl differenziell exprimierter Gene mit einer 

signifikanten Überschneidung beider Magenregionen. Angereicherte Signalwege 

zeigten funktionelle Eigenschaften, die mit der Erneuerung des Epithels im Antrum und 

mit dem Energiestoffwechsel und der Produktion von Magensäure im Corpus in 

Verbindung stehen. Darüber hinaus konnten regionsspezifisch Gene identifiziert werden, 

die durch expression quantitative trait loci reguliert werden und Assoziationen zu 

kardiovaskulären, metabolischen und Adipositas-assoziierten Phänotypen zeigen. 
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Basierend auf Transkriptom-weiten Assoziationsstudien identifizierten wir 

genregulatorische Varianten, die zur Dysregulation von NQO1 bei Katarakten, MUC1 bei 

Gicht und RAB27B bei verschiedenen Gewichts-assoziierten Merkmalen führen. Unsere 

Studie ermöglichte es somit, das Genexpressionsprofil und dessen Regulation durch 

genomische Varianten mit multifaktoriellen Krankheiten zu verknüpfen. Die Ergebnisse 

zeigen, dass regulatorische Varianten funktionalen Unterschieden von verwandten 

Geweben zugrunde liegen und Einfluss auf pathophysiologische Prozesse haben. 

Um darüber hinaus den Einfluss exogener Faktoren auf genregulatorische 

Mechanismen bei multifaktoriellen Erkrankungen zu untersuchen, analysierten wir 

exposure expression quantitative trait loci im Kontext der DNA-Schaden-induzierten 

Apoptose. Die Transkriptionsprofile CD8+ T-Zellen zeigten nach der Behandlung mit 

hohen Dosen verschiedener Karzinogene eine selektive Repression der Transkription, 

die von der Art der DNA-Läsion beeinflusst wurde. Durch die Analyse von expression 

quantitative trait loci identifizierten wir 654 Gene, die durch genomische Varianten 

reguliert werden. Von diesen waren 61 % bis 69 % differenziell exprimiert und 4 % bis 5 

% zeigten kontextspezifische Effekte. Aufgrund der Zelltyp- und Kontext-Spezifität 

unserer Studie fanden wir unterschiedliche Effekte genomischer Varianten im Vergleich 

zu früheren Studien, die unter Basisbedingungen in Vollblut durchgeführt wurden. Durch 

die Integration regulatorischer Varianten mit Daten von genomweiten 

Assoziationsstudien konnten wir Assoziationen mit verschiedenen onkologischen 

Erkrankungen identifizieren. Insbesondere fanden wir eine Kontext-spezifische 

Regulation von XBP1 als Risikofaktor für Brust- und Eierstockkrebs sowie von KLF2 als 

Risikofaktor für das Multiple Myelom. Die Ergebnisse spiegeln die Relevanz der DNA-

Schaden-induzierten Apoptose für die Krebs-Pathophysiologie wider und unterstreichen 

den Einfluss interindividueller genetischer Variabilität auf regulatorische Mechanismen 

bei onkologischen Erkrankungen. 

Zusammenfassend tragen die dargestellten Analysen zu genregulatorischen 

Mechanismen zur Aufklärung der genetischen Architektur multifaktorieller Erkrankungen 

bei. Die Ergebnisse heben die Bedeutung regulatorischer Varianten für 

pathophysiologische Prozesse hervor und bieten neue Ziele für personalisierte 

Präventions- und Behandlungsstrategien.  
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