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With a prevalence of more than 10% in the global adult population, chronic kidney disease 

(CKD) is a major public health concern and a major cause of morbidity and mortality globally [1]. 

While diabetes, hypertension, vascular disease, and glomerulonephritis are some of the known 

causes of CKD, the aetiology of CKD is often obscure [2]. The main surrogate marker for CKD is 

the reduced glomerular filtration rate (GFR) which can be estimated from the serum creatinine 

level [1]. Whereas the underlying serum creatinine is a metabolite from muscle metabolism [3] 

and thus may not only reflect kidney function, the creatinine-based estimated GFR (eGFRcrea) 

is a widely used biomarker of kidney function in the clinic, and it has a strong heritable component 

[4]. Kidney function declines with aging, while early stages of CKD remain asymptomatic, leading 

to the diagnosis of CKD usually in late stages [5]. Increased serum creatinine is not evident until 

roughly 50% of the renal filtration function is lost [6], making CKD a silent disease and creating a 

blind spot for prognosis of kidney disease [7].  

Recent efforts have begun to systematically prioritize causal genes and regulatory 

variants. Kidney Disease Genetic Scorecard framework is shaped to identify potential drug targets 

and relevant cell types involved in CKD pathogenesis [8]. Despite recent therapeutic advances 

for CKD such as renin-angiotensin-aldosterone system (RAAS) inhibitors [9], sodium-glucose co-

transporter 2 (SGLT2) inhibitors [10], and the mineralocorticoid receptor antagonist finerenone 

[11], the treatments remain limited. Many potential therapies such as those targeting APOL1-

associated kidney disease [12], are still in experimental stages. Given the still limited therapeutic 

options and the incomplete understanding of CKD pathophysiology, there is a growing need to 

identify new biomarkers that could enable early diagnosis and potentially provide novel 

therapeutic targets [5]. In this context, genetic research is promising for advancing drug discovery. 

Recent evidence suggests that drug targets supported by human genetic findings—identified, for 

example, through genome-wide association studies (GWAS) or investigations of Mendelian 

disorders—are significantly more likely to lead to successful therapeutic development. 

Specifically, such targets are estimated to be 2.6 times more likely to progress through the drug 

development pipeline compared to targets without genetic evidence [13]. These findings highlight 

the potential of genetic studies in guiding the discovery of new therapeutic strategies for CKD. 
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Multi-omics approach to CKD 

Despite growing efforts, finding early indicators of CKD has not yet been translated to clinical 

practice. Mass spectrometry-based metabolomic profiling allows non-invasive measurement of 

many small molecules in readily available blood and urine samples. In targeted metabolomics, 

hundreds of known metabolites are precisely measured. In contrast, untargeted metabolomics 

can explore thousands of metabolites and identify new ones but without precise measurement. 

Both approaches succeed in studying kidney disease, offering complementary strengths for 

biomarker discovery and quantification [14]. 

Proteomics has been increasingly employed in kidney disease. The goal of using assays 

of select peptides and proteins is to improve diagnosis and risk prognostication. They provide 

pathophysiologic insight of the cause and metabolic consequences of kidney disease, both in 

blood and urine, which are critical for the clinical practice of nephrologists [15]. Plasma proteins 

hold significant potential as novel disease biomarkers, and their genetic underpinnings offer 

valuable insights into underlying networks and causal pathways, pointing to novel drug targets 

[16]. For example, clinical assessment of kidney function frequently employs biomarkers such as 

GFR, estimated from serum cystatin C levels, to evaluate renal filtration capacity. Complement 

factors and parathyroid hormone, also measured in serum, provide insights into the etiological 

and metabolic consequences of kidney disease, respectively. Urinary albumin excretion is a well-

established marker of severity of kidney damage and can aid in elucidating underlying renal 

disease processes. 

Current proteomic tools permit the high-throughput analysis of the blood proteome in large 

cohorts. While urine and kidney tissue analyses are important for kidney disease and large-scale 

results in these areas are pending, the extensive body of epidemiological research are built upon 

blood proteomics as the most frequently employed biofluid in clinical settings. Numerous proteins 

associated with cross-sectional measures of kidney function, as well as with the longitudinal risk 

of CKD progression have been identified. Representative signals include an association between 

levels of testican-2 and favorable kidney prognosis and an association between levels of 

TNFRSF1A and TNFRSF1B and worse kidney prognosis [15]. Given that, kidney function 

significantly influences blood protein levels, complicating the identification of causal roles for these 

proteins in kidney disease. Nevertheless, large-scale proteomic studies aim to develop improved 

diagnostics and therapeutic targets. Expanding these studies to larger, more diverse patient 

populations will facilitate the discovery of generalizable biomarkers and treatment strategies. 
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In the context of a targeted multi-omics approach to CKD, bile acids (BAs) represent a 

biologically plausible and underexplored molecular class with potential relevance to renal 

pathology. BAs are synthesized from cholesterol, helping digestion and absorption of fat in 

humans. The kidney expresses BA receptors, including farnesoid X receptor (FXR) and G protein-

coupled bile acid receptor 1 (TGR5), implicated in metabolic regulation [17]. Renal BA 

transporters manage BA reabsorption and excretion, with alterations occurring in cholestasis. 

Disruptions in BA levels and FXR expression accompany various renal diseases [18]. Bile cast 

nephropathy, a severe form of acute kidney injury, exemplifies the toxic impact of bilirubin and 

BAs on renal tubules [19]. A comprehensive understanding of BA-kidney interactions is essential 

for developing targeted therapies and enhancing patient prognosis. 

 

General epidemiology of CKD 

One of the recent GWAS meta-analysis of eGFRcrea was conducted by CKD Genetics (CKDGen) 

Consortium, resulting in 264 associated genetic loci at which the lead variants explained 

approximately 20% of the genetic heritability of eGFRcrea [20]. A significant challenge in GWAS 

for eGFRcrea lies in differentiating the genetic influences on biomarker metabolism from those 

directly affecting kidney function. While blood urea nitrogen (BUN) offers an alternative kidney 

function biomarker [21], it replicated only 147 of the 264 associations identified in the GWAS on 

eGFRcrea (Figure 1a) [20]. Although GFR estimated by serum cystatin C (eGFRcys) might 

provide a more accurate reflection of GFR (Figure 1b), apart from the limited samples for GWAS 

and cost considerations [22], it can be influenced by factors beyond GFR itself, such as 

inflammation, obesity, and diabetes [23]. Overall, a recent GWAS meta-analysis that combined 

results from the CKDGen with data from the UK Biobank, identified 202 of 424 eGFRcrea-

associated loci as overlapping across all three kidney function markers. 

With the world-wide GWAS efforts, the number of genes and variants underneath 

association signals is the main challenge. A trans-ancestry GWAS meta-analysis study [20] was 

conducted on eGFR values derived from 121 GWAS encompassing 765,348 individuals of 

different ancestries. Primarily, they discovered 308 loci containing at least one eGFR-associated 

SNP at genome-wide significance (P<5×10-8), of which 200 were not reported by previous GWAS 

of eGFR. The minor alleles across index SNPs showed both decreasing and increasing effects 

on eGFR, with larger effects observed for lower-frequency SNPs. The 308 index SNPs explained 
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7.1% of the eGFR variance, nearly doubling recent GWAS-based estimates, and 19.6% of eGFR 

genetic heritability (h2=39%, 95% credible interval=32%, 47%), estimated in a participating 

general-population-based pedigree study. The effects of index SNPs were largely homogeneous 

across studies and ancestry groups. 

Figure 1. Supporting alternative biomarker association for 147 loci. Highlighted loci in orange are those 

that showed a signal in the CHRIS study (see Chapter 2), otherwise indicated in blue. (a) Scatterplot 

comparing effect sizes for log(eGFRcrea) and log(BUN) with 95% confidence intervals. (b) Scatterplot 

comparing effect sizes for log(eGFRcrea) and log(eGFRcys). Summary statistics for eGFRcrea and BUN 

were obtained from trans-ethnic GWAS meta-analysis by CKDGen [20]. Summary statistics for eGFRcys 

were obtained from a meta-analysis of CKDGen trans-ethnic and UK Biobank [21]. 

 

Secondly, they investigated the effects of the eGFR index SNPs on CKD in CKDGen 

studies (n=625,219, including 64,164 CKD cases). GWAS meta-analysis of CKD identified 23 

genome-wide-significant loci, including 17 likely relevant for kidney function (SDCCAG8, 

LARP4B, DCDC1, WDR72, UMOD–PDILT, MYO19, AQP4, NFATC1, PSD4, HOXD8, NRIP1, 

SHROOM3, FGF5, SLC34A1, DAB2, UNCX and PRKAG2). They found that 224 of the 264 

replicated eGFR index SNPs were associated with CKD at nominal significance level, pertaining 

130 likely relevant for kidney function. 

Thirdly, they demonstrated that a lower genetic risk score based on the combined effect 

of the 147 eGFR index SNPs, reflecting genetically lower eGFR, was associated with higher odds 

ratios of clinically diagnosed chronic renal failure, glomerular diseases, acute renal failure and 

hypertensive diseases in the UK Biobank (n=452,264).  

Finally, they assessed genome-wide genetic correlations of eGFR associations with 748 

complex traits and diseases. Focusing on 37 significant correlations, there were negative 

correlations between eGFR and serum creatinine, serum citrate, serum urate, anthropometric 
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traits including lean mass and physical fitness such as left-hand grip strength. While the inverse 

correlation with muscle-mass-related traits probably reflects higher creatinine generation leading 

to lower creatinine-based eGFR, the correlations with citrate and urate levels probably reflect 

reduced filtration function. Similarly, the positive correlation between eGFRcrea with GFR 

estimated from cystatin C (Figure 1b) emerges decreased kidney function. Therefore, significant 

genetic correlations with eGFRcrea reflect the two biological components that govern serum 

creatinine concentrations: its excretion via the kidney and its generation in muscle. 

 

Genetic and molecular data resources 

The CHRIS study  

The Cooperative Health Research in South Tyrol (CHRIS) study [24] is a prospective study set 

up in 2011 in the Middle and Upper Val Venosta/Vinschgau, South Tyrol, Italy. Recruited into the 

studies were 13,393 participants from thirteen municipalities, each one characterized by a central 

territory, small villages and scattered mountain farms. Settlements are located at an altitude of 

600 to 2000 meters above sea level. Participants cover more than one third of the whole 

population of the target region. The study protocol [24] as well as details on the biological sampling 

and measurements [25], electrocardiographic and smoking measurements [26], and neurological 

questionnaires [27-29], have been previously described. At the study center, all participants 

underwent physical examinations, including anthropometry, electrocardiographic analysis, blood 

pressure measurement, and tremor assessment. They also underwent a structured clinical 

interview and completed self-administered questionnaires. Additionally, information on 

medication use during the seven days prior to the study center visit was collected by scanning 

the barcodes of drug boxes brought by the participants to the interview and classified using the 

Anatomical Therapeutic Chemical (ATC) coding system. Administration mode, frequency, and 

duration of therapy were registered for each scanned drug. Ninety standard blood and urine 

parameters were measured [25] along with targeted and untargeted metabolomic analysis for a 

subset of the study population [30, 31]. All individuals underwent genotyping and 3600 of them 

whole exome sequencing. To date, high quality imputed genotypes are available for all study 

participants at ~20 million genetic variants. Microbiome data in a subset have also been collected 

[32, 33]. Finally, an extensive biobank has been created that stores several aliquots of serum, 

plasma, urine, DNA, and buffy coats for all participants [24]. 
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Genetic data 

Genomic data covering one million variants for the study was generated using Illumina 

HumanOmniExpressExome or Omni2.5Exome arrays on GRCh37. Variants with low GenTrain 

scores (<0.6), cluster separation scores (<0.4), or call rates (<80%), violating Hardy-Weinberg 

equilibrium (P<10-6), and monomorphic ones were discarded. Further quality control excluded 

samples with call rates below 98%. After phasing the genotypes, the genotype data were imputed 

based on the HRC and TOPMed reference panels. Whole exome sequencing (WES) was also 

performed on 3840 participants using the xGen® Exome Research Panel v1.0, retaining 3600 

samples after quality control as detailed previously [31, 34]. WES data served as a reference 

panel for genotype imputation in the larger CHRIS study, with combined variants from both 

genotyping and WES. As detailed elsewhere [34], genotypes were phased and imputation was 

conducted, discarding variants with an imputation quality index Rsq <0.3. 

Metabolomics data 

For the subset of 7252 participants of the CHRIS study, targeted metabolomics analysis was 

conducted on the serum samples with the AbsoluteIDQ p180 kit (Biocrates Life Sciences AG, 

Innsbruck, Austria). Normalization and quality controls of the 188 measured metabolites are 

described elsewhere [30]. To increase sample homogeneity, pregnant women and individuals of 

non-European descent were excluded. QC left 175 high-quality metabolites available on 6642 

samples.  

Proteomics data 

From the in total 13,393 participants of the CHRIS study 3,632, participating to the study between 

August 2011 and August 2014, were selected for high throughput mass spectrometry-based 

quantification of their plasma proteome based on Scanning SWATH [35]. The biological sampling 

and measurements, quality controls, batch effect removals taken place on the proteins have been 

described elsewhere [36]. The 148 highly abundant protein groups involved immunoglobulins, 

coagulation factors, metabolic proteins, and components of the innate immune system. Of the 

148 plasma proteins consistently quantified, 134 could be assigned to 25 different functional 

classes. The most prominent were immunoglobulins (n=27), protease inhibitors (22), serine 

proteases (13), components of the complement system (10) and apolipoproteins (9). The final 

data set used for this study was log2-transformed protein concentrations.  
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Bile acids profiling 

Bile acid (BA) analysis was performed from serum samples of 1336 individuals in the MICROS 

study by liquid chromatography-tandem mass spectrometry (LC-MS/MS) as previously described 

[37]. This resulted in 14 quantitative and 4 binary BAs, which were qc-ed and values below LOD 

were imputed. Some of the primary and secondary BAs consists of cholic acid (CA), 

chenodeoxycholic acid (CDCA), and their taurine- or glycine-bound derivatives (TCA and TCDCA, 

GCA and GCDCA), deoxycholic acid (DCA), a CA derivative, and lithocholic acid (LCA), a CDCA 

derivative, being the most prevalent [38]. All BAs considered as quantitative traits were log10-

transformed. 

 

Research objectives and rationale 

The overall aim of this project was to improve the characterization of genetic loci associated with 

kidney function and CKD, with a specific focus on those loci previously identified through GWAS. 

While GWAS have identified hundreds of loci associated with complex traits such as kidney 

function, the biological mechanisms underlying many of these associations remain poorly 

understood. These genetic loci often contain multiple candidate genes, few of which have been 

thoroughly investigated, and mechanistic models remain incomplete. 

Given this context, our study focused on refining the understanding of loci that have shown 

robust associations with kidney function, particularly those implicated through overlapping 

associations with eGFRcrea, BUN, eGFRcys. This approach aimed to prevent from pursuing loci 

that may be related merely to biomarker metabolism, thereby prioritizing those most likely to 

reflect kidney function itself. 

Using the CHRIS study as the primary resource—owing to its rich genomic, metabolomic, 

and proteomic datasets—this project aimed to identify and further characterize the effects of these 

loci. As shown in Figure 2, the study sought to explore potential mediating pathways linking 

genetic variants to kidney function using clinical traits and omics data available in the CHRIS 

study and in publicly available datasets such as GTEx and deCODE studies. Moreover, among 

significant loci showing evidence of mediation, we conducted haplotype-based analyses using 

WES data to identify functional genetic profiles across multiple phenotypes. Later, we aimed to 

develop a systematic analytical pipeline for the in-depth characterization of multiple loci with 
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similar approaches. In the end, leveraging the unique data available in the CHRIS study, we 

investigated the genetic basis of primary and secondary BAs, with particular attention to potential 

sex-specific genetic effects on BA variability. 

In summary, this project was designed to: 

• Define kidney-related phenotypes within the CHRIS study. 

• Identify kidney function-associated loci using GWAS in the CHRIS study. 

• Investigate mediating biological pathways through integrated analysis of phenotypic, 

metabolic, and proteomic data. 

• Apply haplotype-based methods integrating GWAS and WES data to identify subgroups 

of the CHRIS population with distinct phenotypic profiles. 

• Develop a generalizable analytical pipeline for the systematic study of kidney function loci. 

• Explore genetic architecture of bile acid metabolism in the CHRIS study. 

 

 

Figure 2. Study overview. Flowchart depicting the integration of multi-omics data (genomics, 

transcriptomics, proteomics, and metabolomics) from various studies (CHRIS, GTEx, deCODE) to identify 

and understand kidney phenotypes (eGFR, UACR). 
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Thesis structure 

In chapter 2, we identify loci associated with eGFRcrea from the CKDGen GWAS meta-analysis 

[20] in the CHRIS study. We evaluate linkage disequilibrium (LD) for haplotype analysis and 

perform mediation analyses with various biochemical parameters to identify potential interacting 

pathways with local environment. In chapter 3, we reconstruct haplotypes including functional 

variants at the FAM47E-SHROOM3 locus, where serum magnesium mediates the association 

with kidney function, and explore their associations with various clinical traits, metabolites, and 

protein concentrations. We identify specific phenotypic and metabolic signatures associated with 

distinct haplotype groups via hierarchical clustering. In chapter 4, we introduce an efficient 

bioinformatic pipeline for executing haplotype-based association analysis on GWAS-identified 

genetic loci in populations enriched with molecular omics data. This user-friendly tool generates 

reports summarizing variant information, constructed haplotypes, and association results. In 

chapter 5, we investigate the genetic architecture of 18 BAs acids in blood plasma of a subset of 

the CHRIS study using GWAS meta-analysis and sex-stratified GWAS. This chapter addresses 

the understudied area of genetic regulation of BAs in the general population, identifying 

associations with both common and rare variants. In chapter 6, we discuss the main findings of 

the thesis and provide insights into further research.  
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