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ABSTRACT

GENETICS OF POST-NEPHRECTOMY RESIDUAL RENAL CAPACITY IN LIVING KIDNEY DONORS

By

Esther Tanumihardja

Human kidneys have been shown to have a residual capacity, a compensation mechanism the kidney
undergoes when the other kidney is lost or has lost its function. This thesis is aimed to find genetic variants
associated with this capacity. This was done by correlating pre- and post-donation kidney function with genome-
wide genotype data in living kidney donors. This measure is interpreted as the donor’s ability to adapt to single-
kidney situation, a measure relevant for both the donor and recipient in kidney transplant situation. Significant
association can increase knowledge of normal renal physiology and more specifically in the situation of unilateral
nephrectomy.

Three loci were found to be significantly associated with the residual renal capacity. These loci are in the regions
of gene PAX2, PAX3, and HLA-DRB6, which are logical functional candidates. Given the small sample size used in the

study, independent studies should be conducted to replicate and validate these findings.
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Chapter 1
Rationale

Millions of people worldwide are afflicted with chronic diseases or congenital conditions, for which the only treatment
is organ transplantation. Chronic kidney disease (CKD) is one of the most prevalent chronic diseases with increasing
incidence and high morbidity [1]. It is defined as progressive loss in kidney function over a period of months or years,
due to irreversible pathological changes. CKD has high prevalence of adverse outcomes, including total loss of kidney
function, cardiovascular diseases (CVD), and premature death [2]. In the increasingly aging population, CKD acts as a
significant barrier to healthy aging.

Hypertension and diabetes mellitus are the most common causes of CKD in the Western world; both underlying
conditions can, for an important part, be attributed to lifestyle-related factors. However, given the disease’s
heritability estimated at 36-75% [3], a genetic component is also present. Over the years, single-gene studies have
pinned some single-gene’s attributed to kidney function/diseases [4]. Conversely, as genes may act in interaction with
environment or other genes, such studies provided limited information for CKD or even for general kidney function
[5]. Thus currently, there is still incomplete knowledge regarding which factors contribute to renal physiology and
function.

The kidney is the most transplanted organ worldwide. Kidney and liver (though the latter far less common)
transplantations are unique in that they can be donated from living donors. Evidently, living-donor kidney
transplantation proved to have a higher success rate, as well as higher long-term (graft and patient) survival rate [6].
In addition, living-donor transplanted kidneys have lower risks of complications and better early function [7]. This is
due to several factors. Firstly, living-donor transplantation surgery can be planned ahead of time, resulting in much
shorter organ ischemia time. Secondly, the surgeon and donor can be placed in optimal conditions for the surgery.
Consequently, the number of living kidney donations has been growing over the last decades. Currently, at UMCG,
living kidney transplantations are performed equally often as post-mortal kidney transplantations. In 2015, 178 kidney
transplantations were performed, 90 of which from living donors [8].

Living donors have to endure single-kidney situation after donation. Though it can be minimal, single-kidney situation
increases the relative risk of developing end-stage renal disease [9]. Studies on the last 60 years of living (kidney)
donations have proven its safety. Most of approved donors, having complied to a number of acceptance criteria,
experience only minimal immediate and long-term risks and ultimately have an unaffected survival rate (compared to
healthy population) [7]. A careful screening and post-donation monitoring of residual kidney function hold key to this,
making them important values for the living donation practice.

Implications of donor’s post-nephrectomy conditions can be predicted pre-donation [10]. Currently, potential living
kidney donors are screened based on a number of clinical conditions. The most pivotal parameter is the donor’s
glomerular filtration rate (GFR) [11], used as the most reliable measure of overall kidney function. Donor age and BMI
have also been identified as independent determinants of long-term post-donation GFR [12].

It has been shown that after nephrectomy, the donor’s remaining kidney undergoes hyperfiltration as an adaptive
reaction [13], to compensate the function of the donated kidney. This adaptive capacity is termed as kidney’s
residual/reserve capacity. Some centres also factor this adaptive capacity to the donor long-term post-nephrectomy
prognosis. At the Groningen Transplant Center (GTC), the donor kidney residual capacity is probed experimentally
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[14]. Maximum kidney function is simulated by stimulation with low-dose dopamine. GFR levels under regular
conditions and GFR following dopamine stimulation are evaluated in precise manner by means of iothalamate
clearance [14]. The differential GFR level can be used to predict donor’s residual kidney function. This experimental
method has the disadvantages of a prolonged and laborious (the procedure takes up to 8 hours), and relatively costly
procedure. In addition to their GFR level, potential donors are also screened based on their other clinical conditions,
for example the presence of diabetes mellitus, uncontrollable hypertension, etc.

Based on the presence of a genetic component of kidney functions [3], it would be preferred to use pertinent genetic
variants as predictors of donor’s post-nephrectomy residual kidney function. Such genotypic predictors would be
relevant to both donor and recipient. Genes could potentially contribute greatly to the prediction of residual kidney
function, alongside of donor’s age, BMI, or perhaps in spite of other clinical conditions. E.g. despite of sufficient
measured GFR level, an individual might have genotypes that increase his/her risk of developing chronic renal failure,
making him an unsuitable donor candidate. Or the other way around, despite insufficient/borderline GFR level or
hypertension or diabetes mellitus, an individual might have genotypes for excellent/sufficient renal residual capacity,
allowing him to adapt well to unilateral renal situation. Hence, significant genetic associations will increase the current
knowledge of renal physiology in the situation of elective unilateral nephrectomy.

In order to achieve the stated objectives, the project is focused in answering the following research question.
Can genetic variants be identified that are associated with reported residual renal capacity in single-
kidney situation in living kidney donors?

Sub-research questions addressed in this project include:

e Which characteristics can be associated with the post-nephrectomy residual renal capacity?
e Can known associations with eGFR be replicated in our cohort of living kidney donors?
e How much variance in post-nephrectomy residual renal capacity can be explained by genes?
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Chapter 2
Background

Overview
This chapter summarizes the background information regarding the nature of human genetics; especially its functions
and relations to the human traits/diseases.

Genes and the Central Dogma

Gregor Mendel was the first who postulated the notion of inheritance back in the mid-nineteenth century. Through
experiments, Mendel showed that organism’s traits were results of a heritable biological material. Mendel also
revealed that these traits are often unrelated, thus can be inherited independently (summed up in Mendel’s Laws of
Segregation and Independent Assortment), by independent inheritability units which he named genes. His
experiments also concluded that these genes are passed on with patterned randomness to successive generations.
(15]

In 1902, the physical molecular location of this inheritance factor was narrowed down to a cell’s chromosome, as
specified in the Boveri and Sutton chromosome theory [16], [17]. It was not after 20 years later, however, that the
Griffith’s experiment confirmed the deoxyribonucleic acid (DNA) as the exact molecule in chromosomes where this
inheritance information was stored [18]. In 1958, Watson and Crick modelled the structure of DNA in detail as a
double-stranded helix, which is still accepted today [19].

DNA is built of monomers called nucleotides [19]. Nucleotides are composed of a common phosphate and sugar group,
with a differentiating nitrogenous base, as illustrated in Figure 2.1. The bases are adenine (abbreviated A), guanine
(@), cytosine (C), and thymine (T). The different bases form a sequence which codes for the inheritance information.
They hold functions in encoding, transmitting, and expressing genetic information responsible for the development
and functioning of living organisms. These functions come together in a flow named as the central dogma of molecular
biology [20], as charted in Figure 2.1Figure 2.1. (A) Structure of nucleotide and its base-pairing [22] (B) Illustration of
central dogma. DNA segments are transcribed into strands of messenger RNA (a similarly structured nucleic acids with
one base differing from DNA, i.e. T is converted to uracil (U)). The messenger RNA (mRNA) strands are then translated
into protein in ribosome. [19]-[21] Proteins are the chief functional units within cells (as enzymes, for
signalling/binding, and structures), making up the individual’s characteristics/phenotypes. Therefore, an organism’s
DNA can be regarded as the blueprint of their biological makeup.

Hydrogen bonds
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, Thymine _.-HoN
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Figure 2.1. (A) Structure of nucleotide and its base-pairing [22] (B) Illustration of central dogma of molecular biology showing how
DNA codes for mRNA then protein [23]
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The Human Genome and its Variation

Genome is the term used to refer to the complete set of DNA sequence in an organism. The human genome consists
of 3.3 x 10° nucleotides in its length. The complete genome is currently approximated to contain around 25,000 genes,
which encompass a mere 1.5% of the genome (these are then called the coding sequence). The rest, however, has
more elusive functions (if any at all). Even within genes there are different classes of noncoding DNA currently
identified: regions that code for non-protein-coding RNAs (e.g. tRNA, rRNA, miRNA), pseudogenes, introns,
untranslated regions of MRNA, regulatory regions, repetitive regions, and transposable elements. Though they do not
directly code for protein, a big part of these regions are involved in one way or another in the expression of the
protein-coding gene; either pre-, during, or post-transcription [24], [25]. This makes these areas also interesting to
study.

Humans have two homologous strands of DNA, making human a diploid organism. During cell division, the DNA strands
pack themselves around a protein into 23 pairs of thread-like structures, named the chromosomes. The pairs of
chromosome are homologous to each other, meaning that they carry the same genes in the same order, making each
location (or locus) comparable between two chromosomes of the same pair. However, the bases of same locus can
differ, since one chromosome is inherited from the paternal parent and the other maternal. [25] These
differences/variant forms are termed as alleles. Often, one type of allele is more present in a given population, making
it the major allele, and the alternative the minor allele.

These allele variations can come from multiple forces. Most likely, it involves errors during DNA replication, DNA
recombination, the insertion of viral genome components, and/or the insertion and excision of mobile transposon
elements. The variation within a population can point to the divergence of the population from more ancestral
populations. [26]

There are different forms of variations observed across the genome, namely the single nucleotide polymorphisms
(SNPs), indels (insertions and deletions), duplications, copy number variants, and inversions. The most common form
of genome variation is SNP, which is a variation at a single base position. Common SNPs, for which the minor allele
has a frequency of at least 5%, occur approximately once per 1,000 base pairs, amounting to 88% of the variations
currently known in the human genome [27]. SNPs with low frequent or rare alleles occur at an even higher rate and
are often population-specific. SNP variations can occur both in coding as well as in non-coding regions. Either variants
have been previously associated with traits and/or diseases, suggesting that the regulation of genome is much more
complex than previously believed. The cumulative effect of these variations most likely plays a significant role in health
and disease.

Mendelian versus Complex Diseases

Human traits can either be monogenic or polygenic. Monogenic traits are those influenced by a single gene. They are
often dichotomous (or qualitative) and follow the Mendelian inheritance within families. Genes involved in Mendelian
diseases can well be studied by linking the inheritance of genetic variants with presence of the disease among the
family members and these so-called linkage studies have contributed greatly to the identification of Mendelian
disease genes with large effects [28].

However, many human traits (including kidney function [29]) are complex. They are common in the population and
believed to be caused by many genes and their interaction with each other or with environment. Because of the
complex nature of common diseases, they are often studied through underlying continuous or quantitative
characteristics, so-called endophenotypes. Endophenotypes are observable characteristics that can be robustly and
reliably measured, are thought to be strongly genetic in origin, and are thought to underlie and contribute to the
common disease vulnerability but are not to be part of the disorder itself. An example of an endophenotype is eGFR
underlying CKD. Only in the early twentieth century quantitative traits were shown to be still bound to Mendel’s laws
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of inheritance even though such traits were influenced by multiple loci and polygenic in nature [30]. Nevertheless the
study of complex diseases or traits and even of the endophenotypes within families has been proven to be difficult
for a number of reasons: (1) for most common traits/diseases, many genes are involved, (2) the genes also interact
with each other and with environmental factors, (3) a gene variant is also common implying that it might be introduced
into a family multiple times, and that (4) the presence of gene variant brings low risk of the manifestation of disease
or trait. This all implies that the inheritance of the trait/disease does not follow a straightforward Mendelian
inheritance model. [30] As a result researchers turned to genetic association studies in which genetic variants are
investigated in large numbers of unrelated individuals and their frequencies correlated with the trait, disease, or

endophenotype.
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Chapter 3
Situational and Theoretical Analysis

Overview
This chapter reviews the physiology of the kidney and introduces the trait investigated in this project. Relevant
previous (genetic) studies in the matter were also reviewed in relation to the project’s aim, ultimately leading to the
hypothesis.

Kidney: its Functions and Measures
The kidney is an organ found in vertebrates, which holds vital roles in
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(31], [32]

The kidney homeostasis involved different processes/mechanisms —
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————— Direction of flow of filirate (Loop of Henle} duct . . . . . .
namely filtration, reabsorption, and secretion — taking place at different

Figure 3.1. Anatomy of a nephron: the smallest sites of the nephron. Filtration occurs through the semipermeable walls
functional unit of the kidney and associated of the glomerulus and glomerular capsule (also known as Bowman’s
blood vessels [31] capsule). The afferent arteriole supplies the glomerulus with blood. The

glomerular capillary wall is charged and fenestrated with pores,

characteristics that determine their permeability and selectivity. From the glomerular capillaries, unfiltered blood
flows to the efferent arteriole, whose diameter is smaller than the afferent arteriole. This increases the pressure inside

the glomerular capillaries, which drives filtration across the fenestrated walls. [31], [32]

Glomerular capillaries are invaginated into the dilated, blind end of the nephron, called the glomerular capsule.
Substances that pass through the glomerular capillaries as well as the specialized epithelium of the capsule (which
also has specific permeability and selectivity) are called glomerular filtrate. The makeup of glomerular filtrate is the
same as blood-makeup, excluding blood cells and proteins. The filtrate then continues into the lumen of the tubule.
Throughout the tubules (mostly in the proximal tubule), useful substances (i.e. sodium, glucose, and some water) are
reabsorbed and added back to the capillaries in a regulated manner. Further, in the distal tubule, many organic acids
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or bases (e.g. end products of metabolism or foreign substances) are avidly secreted by the tubules, forming urine.
Urine is then transported into the renal pelvis and then ureter as it leaves the kidney into the bladder, where it is
collected in between micturition. [31], [32]

As mentioned, kidney function is most often expressed as the glomerular filtration rate (GFR). It is defined as the total
amount of glomerular filtrate formed in both kidneys per minute. Such rate is directly modulated by a number of
factors, namely the hydraulic conductivity of glomeruli, glomerular surface area available for filtration, and the net
filtration pressure (NFP). GFR can be modelled as the product of these factors, as shown in the equations below.

Ky = glomerular surface area X hydraulic conductivity (eq. 1)
NFP = (Pgc — Pgs) — (lge — Mps) (eq. 2)
GFR = K X NFP (eq. 3)

Filtration holds a significant (if not, the most significant) and determinant role in kidney function. Moreover, most
nephropathies (i.e. diabetic nephropathy, hypertensive nephropathy, etc.) primarily affect the filtration site and
process. As the GFR captures this function as a whole, it is an accurate parameter of kidney function both in health
and disease.

As physical measurements of glomerular surface area and hydraulic conductivity (often put together as a Kr or filtration
coefficient, shown in equation 1) are practically unattainable, GFR can only be inferred experimentally through
another measure, namely the renal clearance rate. Generally, clearance rate can be defined as the amount of plasma
that is cleared of the specific solute per unit time. For solute that is freely filtered and is neither reabsorbed nor
secreted by the tubules, its clearance rate amounts rather accurately to the glomerular filtrate produced per unit
time. Such substrate is inulin or the radioactive substance iothalamate, which are not normally found in humans. Thus
after injecting inulin/iothalamate into the blood, the rate of its excretion can be calculated and be used to directly
approximate the GFR.

In collected urine, the concentration of certain solute (e.g. inulin/iothalamate) can be quantified. Relating to the urine
flow, the mass of solute can be calculated. This mass represents the same amount of solute filtered at the glomerulus,
as nothing is added or absorbed in the tubules. Dividing this mass by the solute concentration in plasma (known
concentration from injection/infusion) calculates back the volume of plasma filtered at the glomeruli (also given in eq.
4).

solute concentration in urine (mL/min) X urine flow (mg/mL)

GFR (mL/min) =
(mL/min) solute concentration in plasma (mg/mL)

(eq. 4)

Another solute used as renal function biomarker is creatinine. It is a solute that occurs naturally in the human’s body
as a breakdown product of phosphocreatine in the muscle. This rate of breakdown is usually rather constant within
some time frame, as a function of muscle mass. Therefore concentration of creatinine in the plasma can be inferred
with some confidence according to one’s BMI, allowing calculation of the (endogenous) creatinine clearance.
However, this rate is sensitive to a number of factors, e.g. hyperglycaemia, protein urea, some medication, and even
the time of day (it is highest in afternoon) [33]. Moreover, it tends to overestimates GFR since a small amount of
creatinine is also being secreted by the tubules during urine formation.

An even less direct biomarker, the serum creatinine, has also been used as practical solution for assessment of kidney
diseases. As said, creatinine is found circulating in blood plasma, to be filtered out by the kidneys. Should renal
function be impaired, creatinine excretion is reduced, leading to an elevated level of creatinine in serum. Based on
this mechanism, different formulas have been proposed to (rather roughly) estimate GFR value (often termed eGFR)
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based on serum creatinine level, corrected for different age, gender, and race groups. A widely used formula (the
Modification of Diet in Renal Disease, abbreviated MDRD formula) is shown in eq. 5.

eGFR (mL/min/1.73 m?)
= 32788 x S, 15 (umol/L) x (age)~°293 x (0.742 if female) (eqg. 5)
X (1.212 if African American)

Although very commonly used, MDRD eGFR formula has also been reported to underestimate GFR value in healthy
adult individuals (i.e. individuals with eGFR > 60 mL/min/1.73 m?) [34].

Residual Renal Capacity

As mentioned, in this project we are interested in post-nephrectomy reserve/residual renal capacity. The presence of
residual renal capacity has been known and studied for decades [35], [36]. Several human (and animal-model) studies
showed that uni-nephrectomy causes the remaining nephrons to go into hyperfiltration to compensate for the lost
kidney [37], [36], [38]. Animal model studies demonstrated that this compensatory process can be harmful to rat’s
remaining kidney [39], but this effect was not observed in humans, as the living kidney donors’ long-term renal
function and survival rate did not differ from that in non-donating individuals [6], [40]—[42].

Despite its confirmed existence, there currently is still no full consensus on the purpose or mechanism of the residual
renal capacity. The compensatory hyperfiltration has been observed to occur immediately after uni-nephrectomy
[39]. This suggests that such reaction is an adaptive mechanism so the (resting) kidney could adapt to stress [43].
Among hyperfiltrating diabetes patients, however, it was reported that this capacity was diminished, as well as in
patients with extreme hyperfiltration [44].

Experimentally, the (resting) kidneys can be stimulated to undergo hyperfiltration in a number of ways. Many reports
showed that GFR increases after an animal-protein-rich meal, as well as by infusion of amino acids [45], [35]. Infusion
of (low-dose) dopamine has also been proven to stimulate the kidneys, and thus increases the GFR values [46]. These
are currently the commonly used clinical protocols in probing into residual renal capacity, by comparing resting GFR
with stimulated GFR (by either, or both, stimulant(s)). Dopamine infusion tests whether there is an increase in renal
perfusion, and amino acids infusion tests for an increase of glomerular capillary pressure. A study [36] showed that in
following uni-nephrectomy, dopamine-stimulated residual renal capacity was decrease, whereas amino acids-
stimulated residual renal capacity remained unchanged. This suggests that increased blood flow may underlie
mechanism of the adaptive post-nephrectomy hyperfiltration.

Other studies observed the phenomenon of compensatory hyperfiltration by looking into the change in kidney volume
after uni-nephrectomy, revealing an increased kidney volume after some time [13], [37], [47], [48]. A study [47]
compared the adaptive response in acquired and congenital single-kidney situation. Long term observations pointed
out that individuals in an acquired single-kidney situation are more susceptible to hypertension and renal impairment
than individuals in a congenital single-kidney situation, hinting at different underlying adaptation mechanisms.
Congenital single-kidney individuals achieved hyperfiltration through kidney hyperplasia, or proliferation of kidney
cells, during nephrogenesis, which results in a higher number of nephrons (with normal anatomy). Acquired single-
kidney individuals, however, cannot undergo such process due to the low mitotic activity of mature nephrons [37].
Instead, hyperfiltration adaptation in such case is shown to be achieved by hypertrophy, or enlarged cell size, as a
result of elongation and increased convolution of the tubuli.

In conclusion, these studies showed the two mechanisms underlying adaptive hyperfiltration in living kidney donors:
hyperperfusion and hypertrophy of remaining nephrons [13].
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Genetic Association Studies

Genetic association studies strive to map genetic variants that are associated with a disease or trait, following the idea
that individuals with common trait share common, specific genetic variants, i.e. the “common disease, common
variant”-model (CD-CV model).

The introduction of DNA sequencing method [49] has allowed an exciting boost of genetic association studies. The
development kicked off the world’s biggest biomedical race, to sequence the entire human genome (also commonly
known as the Human Genome Project) [50], [51]. The technological development extended beyond this race. This
permitted for genome data to be generated at unprecedented rate and resolution. With the amount of genomic data
available, a project (the HapMap project) could even map the common patterns of human genetic variation [52], [53].
Such project discovered that only ~0.1% of the entire human genome is polymorphic (minor allele frequency (MAF) >
5%). Furthermore, it was found that some subsets of (nearby) SNPs in the same chromosome are inherited together
(the phenomenon is commonly termed as linkage disequilibrium). A series of alleles at correlated SNPs on the same
chromosome is called haploid genotype, or haplotype in short. Haplotypes (within defined population) reduce genetic
variability, and thus allowed for further cost reduction in genotyping. By only genotyping a fraction of carefully-
selected ‘tag’ SNPs, an individual’s full genome sequence can be imputed based on their haplotype blocks. Samples
of haplotypes of the same ethnicity are freely available for research [54]. Affordable high-throughput genome-wide
genotypic arrays have been developed in the last 5 years. The array usually contains 300,000-1,000,000 tagSNPs,
which have been well-selected to provide reasonable coverage of the human genome.

This availability of genome-wide genotyping also shifted the practice of genetic association studies. Previously,
association studies were performed between traits/phenotypes and ‘candidate genes’, which were selected based on
the understanding of the pathogenesis. The study then tests whether at SNPs in that gene the allele and a trait co-
occur above chance level. The hypothesis-drive gene candidacy limited such studies to the known pathways involved
in the trait and prohibited the discovery of new ones. Over the years, it was found that the outcomes/findings of such
studies have low chance of replication in subsequent independent studies. [3], [30]

Genome-wide genotyping opened up the way for genome-wide association studies (GWAS), GWAS offered a
hypothesis-free approach, by interrogating every gene/allele for the genetic association. Many GWASs for many
diseases and traits have been undertaken and many new genes and pathways have been identified [55]. While it is a
promising, powerful tool in probing into complex traits/diseases, there are some limitations and precautions to be
taken into account. Each interrogation of allele/SNP against the trait serves a single statistical test. Therefore, the
downside of a GWAS is that this requires stringent statistical significance criteria as a result from multiple testing
correction in order to avoid false positives. For the same reason, a large sample size is required to achieve adequate
statistical power. Quality control, population, and study setup should also be done properly. Mixing
populations/analysing a poorly stratified population can lead to false-positive association due to the differences in the
frequencies of common variants across subpopulations, termed population stratification. Lastly, the study might point
to intergenic SNPs/loci. Often times, such finding is then annotated to the gene closest to the loci. It is noteworthy
that this annotation does not imply a mechanistic/causal relationship between gene and phenotype, as it merely
points to the genomic region of the variant. Further investigation would then be required to map the causal variant
more accurately, as well as to study the functional pathway that can lead to definitive identification [3], [30].

Genetic Factors on Kidney Function

In order to increase power of the finding a gene that is associated with residual renal capacity the candidate gene
approach is also followed. In the past five years, a lot of effort has also been put in GWASs of kidney function [56]—
[60]. The CKDGen consortium has so far successfully identified up to 53 loci associated with kidney function.
Nonetheless, these loci could only explain 2% of the variance of human kidney function (out of the estimated
heritability of 36-75%) [3], suggesting that there are still many genetic variants to be uncovered.
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These studies all used single eGFR or serum creatinine measures as the outcome of interest. In the setting of chronic
kidney disease, the kidney function declines over time. Therefore observation in time would reveal novel loci pointing
to the phenomenon. Only recently the first study was reported on genome-wide association with kidney function over
time [61]. The UMOD gene, encoding the Tamm-Horsfall protein, was significantly associated with kidney function
decline. Furthermore, there has not been a genetic study reported that looked specifically into residual renal capacity.

So far, most variants discovered by GWAS for complex traits/diseases bring about small effects on its own, leaving a
lot of its heritability (portion of phenotypic variance that is attributable to genetic factors) unexplained. As mentioned,
complex traits are influenced by an interplay of different genes. In such case, multiple genetic variants can be
investigated by an aggregated SNPs risk score. The effect of multiple SNPs are studied together in an association study,
by means of a genetic risk scores parameter. [62]-[64]

Hypothesis

From the given information, it could be concluded that kidney function has genetic underpinnings, most of which is
still unexplained. An interesting phenotype is the kidney’s residual capacity. Even currently, its physiology has not
been fully explained. Its genetic determinants have also not yet been studied. Studying the underlying genetic
determinant(s) of the residual renal capacity can potentially offer new insights into the renal physiology, as well as
clinically relevant information in the transplantation setting (both for potential donors and recipients). Therefore the
hypothesis of this project is that one or more genes that will be studied, are statistically significantly associated with
residual renal capacity. GWAS offers the most promising way to study such complex trait. With a well-defined
phenotypic trait, this method can efficiently probe into the genetic determinant of the human residual renal capacity.
However as such a study might be limited by the sample size additionally only the 53 genes that were previously
identified by CKDGen, were studied for association with residual renal capacity.
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Chapter 4
Conceptual Model

Overview

So far, the motivation and aim of the project have been made clear. Relevant advances in the field have also been
presented, along with the hypothesis statement. This chapter explores in more detail the most important factors of
the study. Choices for each factors are discussed separately, leading to the overall study plan.

Study Population

Choosing a suitable study population is important for association studies. Use of a non-random (e.g. presence of
subpopulation with different ancestry) group may yield false-positive results, where associations point to some
underlying structure of the population instead of the trait in question. Ideally, a large homogeneous population should
be used. Groups with random mating behaviour, little migration, and no mutations are best to yield least random
fluctuations in allele frequencies. [65]

Due to the (unique) phenotype of the study, the potential population is limited to living kidney donors with kidney
function data observed over time. In this project 280 individuals were enrolled that visited the University Medical
Center Groningen (UMCG), the Netherlands, for a uni-nephrectomy during the period of 1993 until 2007. Their
hospital records were reviewed and data on renal function (GFR, ERPF, FF, GFRdopa, ERPFdopa, FFdopa, serum
creatinine) as well as on possible confounders (age at the time of surgery, sex, hypertension, (micro)albuminuria,
myocardial infarction or revascularization, cerebrovascular accident (CVA), smoking status, blood pressure (systolic,
diastolic), sodium intake, BMI, and cholesterol (total, LDL, HDL, triglycerides)) were extracted. SPSS was used for data
collection.

To achieve a suitable population, only kidney donors that fulfil the following criteria are included in the study.

e Kidney donors with phenotypic data on renal function (i.e. (e)GFR, EPRF, FF both at base level and dopamine-
stimulated) for:
o  3-4 months pre-donation
o  3-4 months post-donation
e Free of diabetes mellitus
It is stated for the data available (since diabetic individuals are not eligible kidney donors), as well as because
nephropathy is very common in diabetic individuals, thus altering their kidney function. Inclusion of diabetic
individual’'s data might introduce a subpopulation bias, leading the association to lead to the different
(diabetic nephropathy-specific) function/pathway.
e Free of hypertension or well-controlled hypertension before donation (<140/90 mmHg with <2 anti-
hypertensive drugs)
For the same reason as the previous criterion, unmanageable hypertensive individuals are not eligible for
kidney donors, and the potential bias of hypertensive nephropathy pathway.
e eGFR > 60 mL/min/1.73 m? before donation
It is relevant in the case that eGFR values are used as the phenotypic definition in the association study, due
to the non-linearity of the MDRD GFR estimation formula.
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Phenotypic Model

Residual renal capacity, as explained, is a complex quantitative trait whose expression is not yet clearly/consensually
described thus far. From the available data of the study population, a number of options for residual renal capacity
expression were considered. Generally, iothalamate measurement of GFR is preferred over eGFR, for its higher
independency and precision. Creatinine-based eGFR has also been reported to be affected in hyperfiltration (negative
correlation between error of eGFR and the FF) [66]. In clinical setting, living donors’ (residual) renal capacity are
estimated by infusion of dopamine around 3-4 months before nephrectomy, these data are available for most of the
living donors in the population. As well, a follow-up iothalamate measurement (mostly only during rest
state/unstimulated) is usually done around 3-4 months after nephrectomy. Based on the available data, the
expressions of residual renal capacity given in Table 4.1 were considered.

Measured residual renal capacity:
Absolute change in GFR - GFRafter — (GFRpefore/2)
Relative change in GFR - GFRafter/(GFRbefore/2)

Estimated residual renal capacity (dopamine):
Absolute change in GFR pre-donation - (GFRgopa-GFR)/2
Relative change in GFR pre-donation - (GFR4opa)/2GFR

Table 4.1. Different formulated expressions of residual renal capacity.

Chapter 3 also looked into the anatomical/histological adaptation in single-kidney situation. It was revealed that the
number of glomeruli/nephrons do not change in single-kidney situations with mature glomeruli. Instead, the
remaining nephrons undergo hypertrophy which increases its function. Therefore the elevated kidney function should
be a function of/depend on the number of remaining nephrons. This can then be best captured in an expression
relative to the original/pre-nephrectomy renal capacity.

As can be seen in Table 4.1, it is assumed that nephrectomy should leave donors with half of their original renal mass
(the division by two in GFReefore term). Though this is a practical approach in such situation, it might not be the most
accurate assumption. Individuals often have different kidney mass between their left and right kidneys. Should it be
anatomically feasible (uncomplicated by vascular system, etc.), clinicians generally suggest/opt for nephrectomy of
the smaller kidney to minimize the risk for the donor. This might create a potential bias in our expression of residual
renal capacity, since nephrectomy of the smaller kidneys may exaggerate residual kidney capacity. Thus, normalizing
the measured residual renal capacity to its pre-nephrectomy function should also give the upper hand in minimizing
this potential bias. In conclusion, measured residual renal capacity in relative expression was chosen as the most
suitable primary outcome. This is also noted as AGFRmeasured in the rest of the document.

Genetic Model

In designing genetics study of a complex trait/disease/endophenotype, the frequency of an allele within the
population and the corresponding risk incurred by the allele are important considerations. Following the CD-CV model,
a common variant should have small effect size relative to that found for rare disorders. Over the past five years, the
CD-CV model has been tested for many common diseases/traits. The abundant results (as catalogued in [55]) has
proven the applicability of the model. Spectrum given in Figure 4.1 maps the effect size and allele frequency space of
disease/trait. Based on the model, the association study is aimed to discover effects in the right lower space. Although
not the entire genetic component of any common trait can be attributed to common alleles only, this area of the
spectrum is currently very promising to explore with the currently available genotyping technology/data.
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Figure 4.1. Spectrum of endophenotype allele effects. Disease associations can be conceptualized in dimensions of allele frequency
and effect size. The discovered genetic associations lie within the dashed lines. [67]

Different models can be assumed about the genetic effect of each allele to the endophenotype, the dominant,
recessive, multiplicative, and additive models are explored below. For illustration, consider two alleles for a loci, A and
a. The dominant model assumes that having one or more copies of the risk allele (A) increases risk compared to a (i.e.
individuals with AA or Aa have increased risk). The recessive model assumes that two copies of the risk allele (A) are
required to alter the risk. Thus individuals with AA genotypes should be compared to individuals with Aa and aa
genotypes. The multiplicative model assumes that if one copy of risk allele (A) brings k risk, there is a k? risk for having
two copies of the A allele. The additive model assumes each copy of risk allele (A) increases the risk linearly. So if Aa
genotype has k risk, there is a 2k risk for AA.

Commonly, GWAS examines additive models only, it has reasonable power to detect both additive and dominant
effects [68]. This additive model, however, may be underpowered to detect some recessive effects. Previous studies
have assumed also additive models for other kidney function GWAS [60], [61]. Thus for this study, similarly, an additive
model was also used. GWAS examines each SNP independently to the phenotype. Association is done simply through
ANOVA (similar to linear regression with categorical predictor variable, the allele). Several assumptions of such models
are (1) the (quantitative) trait is normally distributed, (2) the groups are homogenous, and (3) the groups are
independent.
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Chapter 5
Research Approach

Overview
In answering the research questions, a series of steps were done in the study. This chapter recaps and details these

steps/processes separately.

Phenotypic data
Table 5.1 summarizes the data (and their expressions) relevant to the outcome measures and covariates. Clinical data
were extracted from UMCG Poliplus patient database system.

Data before nephrectomy Data after nephrectomy
(Type of data) (Values/units) (Type of data) (Values/units)
Age at nephrectomy years Date of GFR measurement DD.MM.YYYY
Sex (%F) (F/M) GFR, ERPF, FF mL/min, mL/min, -
Race (Caucasian/Other) GFRdopa, ERPFdopa, FFdopa mL/min, mL/min, -

Serum creatinine .
Date of GFR measurement DD.MM.YYYY . . . mL/min
(24h-urinary creatinine excretion)

Date of nephrectomy DD.MM.YYYY Medication use -
GFR, ERPF, FF mL/min, mL/min, - Hypertension (yes/no)
GFRdopa, ERPFdopa, FFdopa mL/min, mL/min, - Use of anti-hypertensive(s) (yes/no)

Serum creatinine o
. o . mg/mL Use of ACE inhibitor (yes/no)
(24h-urinary creatinine excretion)

L (micro)Albuminuria
Medication use - ) . . mg/mL
(24h-urinary albumin excretion)

Hypertension (yes/no) Blood pressure: systolic, diastolic mmHg
Sodium intake (24h-urinary Na

Use of anti-hypertensive(s) (yes/no) . ( v mmol/24hrs
excretion)

Use of ACE inhibitor (yes/no) BMI: height and body weight kg/m?

(micro)Albuminuria

. ) ) mg/mL Cholesterol: total, LDL, HDL, triglycerides mmol/L
(24h-urinary albumin excretion)
Myocardial infarction/revascularization (yes/no)
Cerebrovascular accident (CVA) (yes/no)
Smoking habit (never/former/ current)
Blood pressure: systolic, diastolic mmHg
Sodium intake (24h-urinary Na
. ( v mmol/24hrs

excretion)
BMI: height and body weight kg/m?
Cholesterol: total, LDL, HDL,

mmol/L

triglycerides

Table 5.1. Summary of collected data and their expressions.
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Data Cleaning

The gathered phenotypic data were first summarized and visualized in order to understand the population better.
Most important characteristics data were plotted in box plots, revealing outlying points. Observed outlying entries
were then checked back to the database/patient correspondence file. Suspicious entries were checked manually and
filtered out. Analyses were carried out under the assumption that data were normally distributed. In order to check
this, data were also plotted in histograms. Logarithmic transformation (base 10) was then applied to skewed
distributions to achieve the desired distribution.

Genome-wide data

All individuals in this study participated in the REGaTTA (REnal GeneTics TrAnsplantation) cohort (UMCG, The
Netherlands) of which a part was genome-wide genotyped using a customized genome-wide genotyping array the
‘TxArray’ [69]. Thorough quality control of these data were done elsewhere (as part of the iGeneTrain consortium
[70]) and clean data were provided. Among other things non-Caucasian individuals were removed to avoid association
coming from underlying population substructure. Genotyped data were next imputed based on the most relevant
data available to the population: 1000 Genomes (1000G) [71] and genomes of the Netherlands (GoNL) [72] projects.
Resulting genome-wide data were provided in assembly build of Genome Reference Consortium GRCh37. Finally, a
total of 151 individuals were available with (some expression of) endophenotype and genotype data for this project.

Power Analysis

Power analysis is often practiced in designing a genetic-association study, typically in determining the required sample
size. However, in this study (and its time frame), the available population size is rather fixed. Therefore power analysis
was done instead to see beforehand what kind of effect size could be detected with the available population.

The power of a genetic association study is the probability of detecting an effect of a particular size. This power
depends of a number of factors, i.e. the effect size itself, sample size, frequency of the effect allele, and the required
level of statistical significance (type | error rate). The relationships of these factors is illustrated in Figure 5.1 below.
As can be seen, to achieve the same significance level and power, the more common the (effect) allele would require
smaller sample size. As well, the higher the effect size would also require smaller sample size [73]. Of course, these
factors (effect allele frequency and effect size) would be unknown prior to the experiment. Thus such analysis would
have to be run under some assumptions.
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Figure 5.1. Effects of allele frequency on sample-size requirements. The sample size required in an association study to detect
variants with odds ratio of 1.2 (red), 1.3 (blue), 1.5 (yellow), and 2 (black) are shown. Numbers shown are for a statistical power of
80% at a significance level of p-value < 10°®. [73]



The traditional computational approach to estimate such power was to simulate hundreds of replicate samples under
different settings of the factors. The fraction of simulations could successfully detect an effect provides an estimate
of the power. Lately, closed-form power expressions have been generally accepted as a more effective and rapid
approach to estimate the power of a study. Such closed-form analysis was done for this study using the program
QUANTO [74]. Power analysis was done for the GWAS, looking into gene-only influence modelled in additive mode of
inheritance, for the desired power of 80% (generally used as ‘acceptable’ power level), and allele frequency of 2%.
Allele frequency of 2% would mean 2-3 individuals in the population would have this allele, which is a sound
assumption for minimum allele frequency based on consultancy with the expert.

Genome-wide Association Study

There were two different methods of interest to analyse the outcome, the hypothesis-free approach of GWAS or the
more hypothesis-driven candidate gene or SNP study. While GWAS seemed to be the more promising and unbiased
approach, the available population size might limit its success. Nonetheless, we firstly attempted a GWAS analysis.

Each SNP was interrogated against the formulated residual renal capacity measure, corrected for the potential
covariates and therefore about 10x10° tests will be performed. These tests were done using the frequentist
association test, part of the SNPTEST v2.5.2 [75]. Computation of this test was performed on the Lisa Cluster,
Amsterdam.

As a means of quality control, the population was tested for Hardy-Weinberg equilibrium (HWE). The HWE models for
populations in which the allele and genotype frequencies will remain constant from generation to generation in the
absence of other evolutionary influences. Such equilibrium can be tested by determining behaviour of two alleles at
a single genetic locus. Testing fitness each locus of the population to the HWE model can assess underlying population
structure and reveal genotyping quality. [65], [76] HWE testing was also done to each SNP by the SNPTEST v2.5.2
program.

GWAS results were filtered, SNPs with HWE p-value < 0.001, or MAF < 2% were excluded. This process was done in R.
Further, the results were processed with QCGWAS R-package v1.0-8 [77], where the result quality was further
checked/cleaned. The program inspected for missing and invalid data, alleles were harmonized across results (by
matching it to reference, i.e. the HapMap, and removing unmatched alleles), and quality control plots were generated.
Lastly, biological information on specific loci (especially for significant association results) were taken from Ensembl
(release 84) [78] and GTExPortal [79]. To control for false-positive results only SNPs with a p-value < 5x10°® were used
as the genome-wide significance threshold.

Candidate SNPs Association Study

As mentioned before, a GWAS analysis on kidney function has previously been done in a large cohort with 133,413
individuals revealing 53 associated loci significantly associated to eGFR [60]. Thus, we also conducted a more prudent,
hypothesis-driven association study in which the association of these 53 reported loci with residual renal capacity was
tested. The advantages of such an approach were that a less stringent statistical significance threshold was required
(p-value < 0.05/53 = 0.00094) and this would enable confirmation/validation/replication of the previous work.

Genetic Risk Score Study

Different associated loci can also be aggregated per individual based on certain model to generate a person’s genetic
risk score (GRS) based on multi-locus analysis. Based on the assumed additive model, the GRS was defined as the sum
of the risk allele dosages of the involved SNPs weighted by their corresponding effect size. This analysis was performed
in PLINK v1.07 [80], [81]. The GRS was then be associated with each person’s measured residual renal capacity to
evaluate the combined effect of the discovered/previously known kidney function SNPs.
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Ethics Statement

The protocol and study were approved by the Institutional Review Board of the University Medical Center Groningen.
Written informed consent was given by all participants (all of whom are adults). According to Dutch law general
consent for organ donation and transplantation includes consent for research projects. Conduct of study was also in
accordance to the principles of the Declaration of Helsinki. All genetic and phenotypic (clinical) data were anonymized
during collection, thus prior to analyses. Processing/analyses were also only done to aggregated data, no information

about specified individual was processed, thus nor reported.
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Chapter 6
Population and Phenotypic Data

Overview

This chapter presents and briefly discusses the gathered phenotypic data and outcomes to be later used in the
association studies. The population data are presented, as well as the chosen primary phenotypic outcome.
Choices/selection of covariates are also presented and discussed.

Population Baseline Characteristics
The basic characteristics of the study population are presented in Table 6.1, with more elaborate characteristics given
in Appendix B.

Living Donor (1993-2007) Characteristics

N Value

Gender 282

Female 156 (44.7%)

Male 126 (55.3%)
Donor age at time of nephrectomy 282 49+ 10

Before nephrectomy (93 + 83 days)
BMI (kg/m2) 221 262+4.1
Diastolic blood pressure (mmHg) 256 80+9
Systolic blood pressure (mmHg) 256 126 £ 26
ERPF (mL/min) 226 433+ 89
GFR (mL/min) 249 116 +21
FF (mL/min) 228 0.27 £0.03
ERPFdopa (mL/min) 201 556 + 120
GFRdopa (mL/min) 227 134+ 23
FFdopa (mL/min) 203 0.24 +0.03
MDRD eGFR (mL/min) 272 81+15
Serum creatinine (umol/L) 272 82+13
Total cholesterol (mmol/L) 257 541+1.01
After nephrectomy (98 + 94 days)

Diastolic blood pressure (mmHg) 206 80+9
Systolic blood pressure (mmHg) 206 129+ 14
ERPF (mL/min) 175 284 £ 52
GFR (mL/min) 207 73+13
FF (mL/min) 176 0.26 £ 0.03
ERPFdopa (mL/min) 84 344+ 71
GFRdopa (mL/min) 101 84+ 16
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FFdopa (mL/min) 84 0.25+0.04

MDRD eGFR (mL/min) 269 56+11
Serum creatinine (umol/L) 269 114+ 21
Total cholesterol (mmol/L) 139 5.56 + 1.05

Table 6.1. Summary of population characteristics. Continuous values are given in mean + SD.

Table 6.1 shows that the population was rather well-balanced in gender, aged from 21 to 73 with the mean age of
49.53 years. In addition the population has about ideal mean blood pressure, but mean total cholesterol level and
BMI value were a little bit higher than what are deemed as ideal. Appendix B showed that there were practically no
donors with a history of myocardial infarctions or cerebrovascular accidents within the population. All in all, this
suggests that the gathered population was an exceptionally healthy population. Consequently, comparability of our
study population to the general population might then be challenged. To address this, the CKDGen genes were also
studied for pre-nephrectomy eGFR (calculated based on serum creatinine, using MDRD formula) as a comparative
study. CKDGen'’s study was a population study, taking a large size of the general population. Comparative study with
these results would allow us to assess whether results from the general population can be replicated in the living
kidney donors’ population.

It is also noteworthy that several patients/donors tended to have missing data. Thus different analyses using different
phenotypic outcomes (or covariates) were performed on different subsets of the total population discussed here.

Phenotypic Outcome

Based on the gathered data, correlations between the measured and estimated measurements were visualized in
Figure 6.1. Some positive correlation was observed between the measured and estimated measurements. Though
the correlations were of significance (at 95% confidence level), they were not all that strong. This suggested that there
were different phenomena that underlie the different parameters. Considering the reported stimulation mechanism
of dopamine infusion, it might be the case that the protocol does not capture hypertrophy of the nephrons (which
also occurs over longer time), but only the hyperperfusion. This might also be the cause of the regression line’s positive
y-intercept. Thus, although it can offer good prediction of donor’s adaptive capacity, estimated measurements by
dopamine would not fully capture the residual renal capacity in single-kidney situation. Seeing also how the measured
parameter taps directly into the single-kidney situation, the study used measured residual renal capacity as its primary
endophenotype.

Correlation of Absolute Expressions Correlation of Relative Expressions
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Figure 6.1. (A) Correlation of the measured and estimated absolute expressions of residual renal capacity. (B) Correlation of the
measured and estimated relative expressions of residual renal capacity.
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Ultimately the measured change of GFR in relative expression (AGFRmeasured) Was used in the genetic analyses as a
measure for residual renal capacity. In addition, analysis of eGFR was performed for the comparative study with
CKDGen results. Logarithmic (base 10) transformation was done to the AGFRmeasured data. The resulting distribution is
shown in Figure 6.2. The observed three outlying points were checked back to the correspondence files. Since no
peculiarity was observed (i.e. time of follow up, no special surgery/clinical remarks, etc.) and values were consistent
across measurements/examinations, the points were assumed as individuals with exceptional AGFRmeasured.
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Figure 6.2. (A) Histogram of log transformed AGFRmeqsured (B) Box plot of log transformed AGFR measured

eGFR data were also log-transformed, resulting in distribution shown in Figure 6.3. There was one outlying value
observed in the cleaned dataset. This measurement was also retained and regarded as an exceptional pre-
nephrectomy eGFR value. It might be noteworthy that this measurement was not one of the outlying values of the
AGFRmeasured data.
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Figure 6.3. (A) Histogram of log transformed pre-nephrectomy eGFR data (mean = 1.89, std = 0.0715) (B) Box plot of log
transformed pre-nephrectomy eGFR.

Residual Renal Capacity Covariates

In order to observe confounding effects of the chosen phenotypic measure, the phenotypic data were looked further
into especially in respect to the said phenotypic measure. Appendix B also shows bar graphs of different phenotypic
data in for different quartiles of log(AGFRmeasured). These graphs showed that age had a significant influence (or
confounding effect) on AGFRmeasured; While BMI, blood cholesterol level, and diastolic blood pressure did not. Systolic
blood pressure seemed to have confounding effect to some extent on AGFRmeasured, Which is rather expected since
hypertension and kidney function are closely related. However, hypertension was already tightly screened for in this
population, leaving rather negligible variance explained by systolic blood pressure in the data.
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Figure 6.4 shows the correlation between age and AGFRmeasured better. As presented, age has a significant negative
correlation to AGFRmeasured, as older donors tended to have lower AGFRmeasured. Thus age was included as a covariate

in the association studies.
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Figure 6.4. Correlation between age and measured residual renal capacity (in relative expression). The observed negative

correlation was proven significant.

Other (reviewed) association studies regarding renal capacity have only used eGFR as the phenotypic measure. eGFR
is calculated based on gender. Thus to achieve comparable outcome, gender was also used a covariate in the

association analyses.
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Chapter 7
Genome-wide Association Study of Residual Kidney Capacity

Overview
This chapter presents the results of the GWAS of residual kidney capacity.

Association with AGFRmeasured

Data were available for 103 individuals (thus both with phenotypic and genotypic data). Power analysis was done to
determine the effect size that could be detected. To achieve at least 80% of statistical power for an additive model,
with allele frequency of (at least) 0.02, and the calculated phenotypic measure (mean of 0.1045 and standard
deviation of 0.0510), a SNP effect size of at least 0.15 would be necessary.

Figure 7.1 presents the Manhattan plot of the GWAS results. All of the p-values of the interrogated SNPs are plotted
(in —logarithm expression) against each SNP’s location (grouped per chromosome). The Bonferroni-corrected p-value
criteria of 5E-08 is also given with the dotted red line. As it can be seen, three SNPs were found to be significantly
associated with the AGFRmeasured, located on chromosome two, six, and ten.
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Figure 7.1. Manhattan plot of GWAS results of the residual renal capacity. Each point represents a tested SNP, displayed by

chromosomal position (x-axis). Y-axis shows —log(p-value) for each SNP. Significantly associated SNPs are shown on chromosome
two, six, and nine.

Figure 7.2 below shows the QQ plots of the p-values from the GWAS, based on different allele frequency and
imputation quality filtering levels. The majority of SNPs were found along the diagonal (that is, the null line of no
association), implying that there was no evidence of population stratification. Furthermore, filtering for allele
frequency (alleles with MAF<2% were filtered out) and imputation quality (loci with HWE p-value < 0.0001 were also
excluded) did not change the QQ plots implying that rare and badly imputed alleles were filtered sufficiently.
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Figure 7.2. Quality control plots. The QQ plots suggest that rare alleles and poorly imputed alleles were filtered sufficiently.

The following, Table 7.1, shows more details of the three loci found to be genome-wide significantly associated with
delta eGFR (p-value < 5E-08). Given their location on different chromosomes, these loci were not in LD and thus
independent of each other. Sign of the beta/effect size of these loci suggests the direction of the effect, where positive
numbers would mean that every copy of the risk/effect allele increases residual renal capacity by the magnitude of
effect. With the smallest (effect-) allele frequency of 0.02, the power analysis presented earlier holds. Given that all
beta (effect size) values were bigger than 0.15, the study did achieve sufficient statistical power (>80%) to reject the
null hypothesis.

SNP ID Chr Position (bp)  Effect/Non-effect allele (EAF) P value Beta
rs530595485 6 32,525,768 C/T (0.09) 4.65E-09 0.336
rs80158280 10 102,585,914 T/G (0.04) 3.78E-08 0.411
rs16864916 2 224,406,554 A/G (0.02) 4.53E-08 0.646

Table 7.1. Three loci found to be most associated with measured residual renal capacity. Abbreviations: Chr, chromosome
number; bp, basepairs; EAF, effect allele frequency
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Chapter 8
CKDGen Loci Association Studies

Overview

This chapter presents the results of the more hypothesis-driven association studies of the loci previously associated
with kidney function by CKDGen. Firstly, the loci were associated with the residual renal capacity endophenotype. As
comparative study, association of loci with living donor’s pre-nephrectomy eGFR was also done and presented in this
chapter.

Association with AGFRmeasured

As mentioned, association studies with less markers would cut down the multiple testing correction for a more lenient
significance threshold. For the 53 loci published by CKDGen [60], a significance threshold of 0.05/53 = 9.43E-04 was
sufficient to avoid false positives.

Firstly, an analysis using the study original endophenotype was done. Results can be found in Table 8.1, sorted by the
p-values of the 53 loci (in their association with AGFRmeasured). Lowest p-value of the studied loci valued at 5.38E-02
(locus rs12136063), so no significant association was observed amongst these loci with the endophenotype.

Power analysis suggested a minimum effect size of 0.065 to achieve 80% power. The highest effect size among the 53
loci reported in the publication was 0.015. This suggests that this study is underpowered for the necessary effect size.
As such, no conclusion could be drawn from these results, as it can also be that none of the CKDGen kidney function
loci addresses residual kidney function, as the nature of these two endophenotypes (eGFR and delta eGFR) is quite
different.

SNP ID Chr Position (bp)  Effect/Non-effect allele (EAF) P value Beta
rs12136063 1 110,014,170 G/A (0.32) 5.38E-02 0.047
rs2453580 17 19,438,321 C/T (0.35) 8.29E-02 0.044
rs164748 16 89,708,292 G/C(0.32) 9.17E-02 0.046
rs163160 11 2,789,955 G/A (0.22) 9.38E-02 -0.049
rs3750082 7 32,919,927 A/T(0.32) 1.33E-01 0.038
rs4744712 9 71,434,707 A/C(0.37) 1.78E-01 0.033
rs12124078 1 15,869,899 G/A (0.34) 2.00E-01 0.034
rs6088580 20 33,285,053 C/G (0.46) 2.13E-01 -0.028
rs10277115 7 1,285,195 A/T (0.26) 2.50E-01 0.032
rs10774021 12 349,298 C/T(0.37) 2.62E-01 -0.029
rs12460876 19 33,356,891 C/T (0.36) 2.75E-01 0.028
rs6431731 2 15,863,002 C/T (0.04) 2.96E-01 -0.063
rs267734 1 150,951,477 C/T (0.23) 2.97E-01 -0.029
rs3925584 11 30,760,335 C/T(0.39) 3.18E-01 -0.026
rs10109414 8 23,751,151 T/C (0.41) 3.47E-01 -0.022
rs2453533 15 45,641,225 A/C (0.39) 3.66E-01 -0.021
rs848490 7 77,555,005 G/C(0.22) 3.76E-01 0.026
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rs7805747 7 151,407,801 A/G (0.28) 3.83E-01 0.025

rs6465825 7 77,416,439 C/T(0.33) 3.83E-01 0.020
rs10513801 3 185,822,353 G/T (0.12) 4.35E-01 -0.031
rs10491967 12 3,368,093 A/G (0.1) 4.54E-01 -0.032
rs347685 3 141,807,137 C/A(0.29) 4.61E-01 0.019
rs4014195 11 65,506,822 G/C (0.36) 4.69E-01 0.017
rs4667594 2 170,008,506 T/A (0.43) 4.82E-01 -0.018
rs2279463 6 160,668,389 G/A (0.08) 4.90E-01 -0.030
rs12917707 16 20,367,690 T/G (0.17) 5.20E-01 -0.021
rs228611 4 103,561,709 A/G (0.42) 5.60E-01 -0.014
rs8091180 18 77,164,243 G/A (0.41) 5.776-01 -0.014
rs7759001 6 27,341,409 G/A(0.23) 6.04E-01 -0.014
rs9895661 17 59,456,589 C/T(0.15) 6.31E-01 -0.016
rs881858 6 43,806,609 G/A(0.27) 6.58E-01 0.012
rs10794720 10 1,156,165 T/C (0.07) 6.59E-01 0.021
rs13538 2 73,868,328 G/A (0.19) 6.63E-01 0.013
rs6459680 7 156,258,568 G/T(0.22) 7.02E-01 0.012
rs17319721 4 77,368,847 A/G (0.48) 7.30E-01 -0.008
rs10994860 10 52,645,424 T/C(0.16) 7.59E-01 0.010
rs626277 13 72,347,696 C/A (0.41) 7.73E-01 -0.007
rs1106766 12 57,809,456 T/C(0.29) 7.90E-01 -0.007
rs1394125 15 76,158,983 A/G (0.39) 8.06E-01 0.006
rs7956634 12 15,321,194 C/T(0.16) 8.33E-01 0.007
rs1260326 2 27,730,940 T/C(0.37) 8.44E-01 -0.005
rs2712184 2 217,682,779 C/A (0.48) 8.87E-01 0.004
rs2802729 1 243,501,763 A/C (0.41) 8.93E-01 0.003
rs3850625 1 201,016,296 A/G (0.1) 9.04E-01 -0.005
rs11959928 5 39,397,132 A/T (0.43) 9.15E-01 -0.003
rs17216707 20 52,732,362 C/T(0.21) 9.22E-01 0.003
rs491567 15 53,946,593 C/A (0.21) 9.23E-01 0.003
rs2928148 15 41,401,550 G/A (0.45) 9.23E-01 0.002
rs9682041 3 170,091,902 c/T(0.1) 9.30E-01 0.003
rs11666497 19 38,464,262 T/C(0.18) 9.45E-01 0.002
rs7208487 17 37,543,449 G/T (0.16) 9.91E-01 0.001
rs6795744 3 13,906,850 A/G (0.12) 9.96E-01 -0.001

Table 8.1. 53 renal function (eGFR) loci found in CKDGen studies [60], associated with AGFRmeasured in the current living donor
population. Abbreviations: Chr, chromosome number; bp, basepairs; EAF, effect allele frequency

Association with Pre-nephrectomy eGFR

To scrutinize further the study population, a similar study was also performed with pre-nephrectomy eGFR as
endophenotype in order to replicate the results previously found by CKDGen [60]. The same significance threshold
was used. The result of this analysis is presented in Table 8.2. As seen, there was also no significant loci associated
above the significance threshold. Power analysis also suggested that our study was also underpowered to detect the
necessary effect size (as found in the CKDGen paper).

SNP ID Chr Position (bp)  Effect/Non-effect allele (EAF) P value Beta
rs7805747 7 151,407,801 A/G (0.35) 1.10E-02 -3.411
rs12124078 1 15,869,899 A/G (0.33) 2.10E-02 2.929
rs2453580 17 19,438,321 T/C (0.23) 4.78E-02 2.484
rs8091180 18 77,164,243 G/A (0.1) 6.62E-02 2.195
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rs163160 11 2,789,955 C/A (0.44) 7.19E-02 2.756
rs6088580 20 33,285,053 T/C (0.05) 1.10E-01 -1.728
rs1260326 2 27,730,940 A/T (0.42) 1.47E-01 1.880
rs848490 7 77,555,005 A/C(0.47) 1.48E-01 2.038
rs347685 3 141,807,137 C/T(0.36) 1.67E-01 -1.809
rs9895661 17 59,456,589 A/G (0.21) 1.68E-01 2.141
rs2453533 15 45,641,225 G/A (0.12) 2.21E-01 1.436
rs9682041 3 170,091,902 A/C(0.27) 2.23E-01 2.315
rs2279463 6 160,668,389 T/C(0.1) 2.63E-01 2.371
rs267734 1 150,951,477 T/G (0.11) 2.75E-01 -1.526
rs2712184 2 217,682,779 G/A (0.46) 2.79E-01 1.363
rs10994860 10 52,645,424 G/A (0.49) 2.92E-01 -1.714
rs6465825 7 77,416,439 T/A (0.45) 2.95E-01 1.206
rs7208487 17 37,543,449 A/G (0.09) 3.26E-01 1.604
rs10794720 10 1,156,165 A/G (0.23) 4.19E-01 -2.020
rs4667594 2 170,008,506 A/G (0.26) 4.84E-01 -0.889
rs13538 2 73,868,328 T/A (0.26) 4.86E-01 1.000
rs7759001 6 27,341,409 G/A(0.3) 4.96E-01 0.921
rs4014195 11 65,506,822 T/G (0.23) 5.04E-01 0.775
rs1394125 15 76,158,983 T/A(0.31) 5.10E-01 0.781
rs626277 13 72,347,696 T/C (0.33) 5.14E-01 0.793
rs6431731 2 15,863,002 C/G (0.22) 5.34E-01 1.714
rs4744712 9 71,434,707 C/T(0.41) 5.38E-01 0.731
rs11666497 19 38,464,262 C/A (0.39) 5.54E-01 -0.968
rs491567 15 53,946,593 C/T(0.07) 5.72E-01 0.847
rs11959928 5 39,397,132 C/T(0.16) 5.87E-01 -0.695
rs7956634 12 15,321,194 A/G (0.19) 5.95E-01 0.839
rs3925584 11 30,760,335 T/C (0.39) 5.98E-01 -0.636
rs10277115 7 1,285,195 C/G (0.38) 6.07E-01 0.688
rs12136063 1 110,014,170 T/C(0.37) 6.16E-01 0.602
rs10513801 3 185,822,353 G/A (0.13) 6.26E-01 -0.964
rs10774021 12 349,298 T/C(0.18) 6.47E-01 0.586
rs6795744 3 13,906,850 C/T(0.29) 6.60E-01 0.804
rs17319721 4 77,368,847 A/C(0.41) 7.64E-01 -0.352
rs12460876 19 33,356,891 A/G (0.47) 7.76E-01 -0.357
rs2802729 1 243,501,763 C/A (0.38) 7.79E-01 -0.360
rs17216707 20 52,732,362 A/C(0.2) 7.95E-01 -0.389
rs881858 6 43,806,609 G/A (0.38) 8.00E-01 -0.336
rs10491967 12 3,368,093 G/T (0.19) 8.02E-01 -0.492
rs228611 4 103,561,709 C/G (0.33) 8.12E-01 -0.267
rs3850625 1 201,016,296 T/C(0.37) 8.34E-01 0.397
rs12917707 16 20,367,690 T/G (0.16) 9.01E-01 0.202
rs1106766 12 57,809,456 T/C(0.16) 9.03E-01 0.160
rs6459680 7 156,258,568 A/G (0.43) 9.30E-01 0.130
rs2928148 15 41,401,550 T/C(0.38) 9.62E-01 0.056
rs3750082 7 32,919,927 C/T(0.18) 9.62E-01 -0.063
rs164748 16 89,708,292 G/C (0.44) 9.95E-01 0.008
rs10109414 8 23,751,151 T/C(0.23) 9.97E-01 -0.004

Table 8.2. 53 renal function (eGFR) loci found in CKDGen studies [60], associated with pre-nephrectomy eGFR values in the current
living donor population. Abbreviations: Chr, chromosome number; bp, basepairs; EAF, effect allele frequency
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To test whether lack of association was indeed due to small sample size, the found effect size of each locus was
correlated to the published effect size of the same locus. This correlation is shown in Figure 8.1 below. A positive,
significant correlation (R = 0.242) is found. This implies that the effect sizes observed in this study resemble the ones
of the CKDGen consortium and hence that the lack of significant results per SNP can be attributed to the low study
power, due to the small sample size.

Effect size correlation
between current study and CKDgen results
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Figure 8.1. Correlation between CKDGen'’s effect size and current study’s effect size (direction of effect is compared to the
CKDGen'’s negative-effect alleles, if the found effect allele was the same, the effect was taken as is, otherwise the direction of

effect was inverted). P-value is given for the correlation.
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Chapter 9
Genetic Risk Scores

Overview

Last analyses were aimed to see how much phenotypic variance could be explained by the studied loci by means of
genetic risk scores. This chapter presents the results of these analyses. The GRS was first associated with the residual
renal capacity, then also with pre-nephrectomy eGFR.

Association with AGFRmeasured

The individual’s alleles at the 3 loci found to be significantly associated with AGFRmeasured (Table 7.1) were used to
generate his genetic risk score (GRS). This score is weighted by the corresponding effect size found in the CKDGen
GWAS study (Chapter 7). The GRS was then associated with the AGFRmeasured, as plotted in Figure 9.1 below. Linear
regression revealed that the GRS explained 39.2% of the trait variance.
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Figure 9.1. Correlation of GRS (based on the three residual renal capacity loci found in GWAS) and AGFRmeasures. GRS was weighted
with effect size (and direction) found in the GWAS as well (Table 7.1). P-value is given for the correlation.

Association with Pre-nephrectomy eGFR

Similar protocol was done with the CKDGen 53 kidney function loci. The loci, effect allele, effect size, and direction of
effect were taken directly from their latest publication [60]. GRS generated was then associated with pre-
nephrectomy eGFR values of the living donor population in the study. Given the two populations were independent
from each other (but both of Caucasian ethnicity), effect size was used as given in literature. Similar definition of GRS
was used, as the sum of the effect allele dosages weight by the corresponding original effect size.

When all 53 loci were included to generate the GRS, association with trait proved to be very weak (R? = 0.7%). One
potential reason for this was again the small population in the study. It might be the case that the less-common alleles
were not captured sufficiently in the population. Thus, loci with MAF less than 15% were filtered out, leaving only loci
with effect allele frequency between 15% and 85%. The remaining loci (46 of them) were then used to generate the
new GRS, which then associated with pre-nephrectomy GFR measurements, presented in Figure 9.2 below.
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Correlation of Genetic Risk Score and eGFR
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Figure 9.2. Correlation of GRS (based on CKDGen'’s loci, filtered on MAF>15%) and pre-nephrectomy eGFR. GRS was weighted with
effect size (and direction) found in the publication [60]. P-value was given for the correlation.

The figure shows that an increase in GRS was associated with a decline in logi0(eGFR), albeit not significant. Regression
analysis suggested that 1.23% of the variance could be explained by the GRS.
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Chapter 10
Discussions, Conclusions, and Recommendations

Lastly, this chapter concludes the findings of the project and answers the formulated central research question. Firstly
the central research question is answered, followed by the three sub-research questions stated in Chapter 1. In the
end, recommendations for future works are also put forward.

The central research question was ‘Can genetic variants be identified that are associated with reported residual renal
capacity in single-kidney situation in living kidney donors?’ In this study genetic variants that are associated with
residual renal capacity in single-kidney situation in living kidney donors could be identified. Three SNPs were found to
be associated beyond the genome-wide significance threshold with the formulated residual renal capacity in a
population of (Caucasian) living kidney donors. The three SNPs are rs530595485 (chromosome 6), rs80158280
(chromosome 10), and rs16864916 (chromosome 2). SNP rs80158280 is in an intronic SNP in the PAX2 gene and is
found to be a regulatory variant. A polymorphism of this gene has been evidenced to be associated with congenital
anomalies of the kidney and urinary tract (often named CAKUT) [82], [83]. This points the SNP’s proximity to kidney
function and can support real effect of the finding/SNP. Interestingly, SNP rs16864916 is located close to the PAX3
gene and is also found to be regulatory. The third SNP, rs530595485 is a non-coding transcript exon variant in the
HLA-DRB6 gene in the major histocompatibility complex.

The findings should be replicated in an independent (Caucasian) population. By only validating three loci, multiple
testing requirement/correction would be much lenient, allowing use of a much smaller validation population
(population of 25 would already yield statistical power of 90%). Due to the unique phenotype used for the residual
renal capacity (true measurement of GFR pre- and post-nephrectomy), it might be difficult to have validation
population with the same available phenotype and genotype data. The use of other (more commonly available)
biomarkers/measurements can be an option in the validation study. However, a thorough study on biomarker’s
suitability should first be done. For this purpose, further information/elaboration on collected eGFR data in the living
donors’ population is included in Appendix A.

Next to the central research question, this study also aimed to answer three sub-questions. The first sub-question of
‘Which characteristics can be associated with the post-nephrectomy residual renal capacity ?” was mostly addressed in
Chapter 6. It was revealed that age, gender, and systolic blood pressure had significant associations with the
formulated expression of residual renal capacity. These findings are consistent with previous studies/findings. Body
mass index, however, did not prove to have a significant effect on residual renal capacity in the healthy population of
living kidney donors. This might be contradictory to the findings in negative correlation between BMI and eGFR in
general population [84]. A reason might be the population screening of the living donors, where overweight/obese
individuals (BMI>30kg/m?) are often regarded unfit for donation or are advised to lose weight prior to being accepted
as donor. Thus perhaps effects from BMI could not be captured in the available data. Another reason might be that,
unlike eGFR, residual renal capacity is not associated/correlated with BMI. This, however, has not yet been studied in
the general population before.

Chapter 7-9 addressed in parts the second sub-question, ‘Can known associations with eGFR be replicated in our

cohort of living kidney donors?” Known associations with eGFR could not be replicated within the cohort of living

kidney donors. Results in Chapter 8 implied that this was due to the underpowered sample size, since a significant

association was observed between this study’s and the reported effect sizes of kidney function loci. The combined

(negative) effect of all known SNPs had a negative correlation between the two studies results. Furthermore, this sub-
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guestion was also aimed to assess the comparability of the living kidney donors’ population to the general population.
The percentage of variance in eGFR explained by the SNPs combined a GRS found in this study was slightly less than
that observed earlier in a general population [85]. In the LifeLines Cohort Study (N = 13,191) association of the
weighted GRS composed of 52 of the loci with eGFR (calculated from serum creatinine) revealed that it could explain
2.01% of the eGFR variance. The discrepancy, i.e. the lower variance explained in the current study result compared
to LifeLines’ results, might be due to exclusion of the less-common alleles as well as to the poorness of eGFR as a renal
function biomarker in healthy population.

The last sub-question of ‘How much variance in post-nephrectomy residual renal capacity can be explained by genes?’
was addressed in Chapter 9. In the available population, the found genes/genetic variants could explain 39% of the
residual renal capacity variance (the rest of variance can be due to epistasis, environment, or just randomness).
However, this number is an overestimation for a number of reasons. Firstly, GRS association was done in the same
samples/population from which the SNPs were identified. Ideally, GRS association should be done in an independent
population to yield unbiased estimates of percentage of explained variance. Furthermore, the population was rather
small. Thus this explained variance can only be assumed true for this population and not generalized to other
populations. In order to see the true level of variance that can be explained by the 3 loci, validation in an independent
population is necessary.

In conclusion, although the sample used in this study was small, three loci were found that were significantly
associated with residual renal capacity. Genes in these regions are PAX2, PAX3, and HLA-DRB6, which are logical
functional candidates for this phenotype. Nevertheless, independent studies in other samples should be conducted
to replicate and validate these three loci.
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Appendix A
eGFR-based Endophenotype

As mentioned in the discussion of Chapter 10, a more commonly available endophenotype data, such as the eGFR, is
attractive for validation or other future studies of residual renal capacity. For this reason, more information on the
gathered eGFR data is presented below.

Correlation between one time-point GFR and eGFR measurements
GFR and eGFR measurements in one time-point were correlated to each other at two different time-points: before
(Figure A.1) and after (Figure A.2) nephrectomy. Both have significant positive correlation (R = 0.45).
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Figure A.1. Correlation between donors’ pre-nephrectomy GFR (iothalamate-based measurement, at base level) and eGFR (serum
creatinine-based, MDRD formula), measurements were done around 3 months (93 + 83 days) before nephrectomy.

Correlation between GFR and eGFR
post-nephrectomy

110
=
£ 100 )
£
—
E 9%
e 80 . % o ° R?=0.2052
(G} o O L ] ° -+
g " .. .‘.’ ﬁ::;.o 0‘:.0 JRUSTRTRS EIL .
ool ot
R I T8 o DA
o 20 L e e s
E S T st 2 AL
s 40 * . R =0.4530
£ 30 ° ° p-value =9.07E-12
v
S 20
40 50 60 70 80 9 100 110 120 130

Post-nephrectomy GFR (mL/min)
Figure A.2. Correlation between donors’ post-nephrectomy GFR (iothalamate-based measurement, at base level) and eGFR (serum
creatinine-based, MDRD formula), measurements were done around 3 months (98 + 94 days) after nephrectomy.
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Correlation between GFR- and eGFR-based residual renal capacity
The different expressions and measurements of residual renal capacity are correlated in this section. The different

expressions and measurements are presented in Table A.1 below. The correlation plots that followed refer back to

this table for the expressions.

Measured residual renal capacity:

Absolute change in GFR - GFRafter — (GFRpefore/2) (EqA.1)

Relative change in GFR - GFRafter/(GFRbefore/2) (EqA.2)

Absolute change in eGFR > eGFRafter — (€GFRpefore/2) (EqA.3)

Relative change in eGFR -  eGFRafter/ (€GFRpefore/2) (EqA.4)
Estimated residual renal capacity (dopamine):

Absolute change in GFR pre-donation > (GFRyopa-GFR)/2 (Eq A.5)

Relative change in GFR pre-donation - (GFRgopa)/2GFR (Eq A.6)

Table A.1. Summary of the different expressions (and measurements) of residual renal capacity.

Figure A.3 shows the correlation between GFR-based measured residual capacity (in absolute expression of Eq A.1)

and the comparable eGFR-based expression of Eq A.3. Figure A.4 shows the correlation between GFR-based measured

residual capacity (in relative expression of Eq A.2) and the comparable eGFR-based expression of Eq A.4.
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Figure A.3. Correlation of GFR- (Eq A.1) and eGFR-based (Eq A.3) measured residual renal capacity in absolute expression.
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Figure A.5 shows the correlation between eGFR-based measured residual renal capacity expressed in (Eq A.3) and the
estimated residual renal capacity (Eq A.5) both in absolute expressions. Figure A.6 shows the correlation between
eGFR-based measured residual renal capacity expressed in (Eq A.4) and the estimated residual renal capacity (Eq A.6)
both in relative expressions.
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Figure A.5. Correlation of estimated residual renal capacity (Eq A.5) and eGFR-based measured residual renal capacity (Eq A.3)
both in absolute expressions.
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Appendix B
Other Phenotypic Data

Categorical Characteristics

Table B.1 presents the summary of the collected categorical data. It is shown that the very small fraction of the
population has notable clinical conditions (e.g. CVA, myocardial infarction, etc.) and also only small fraction (less than
6%) have chronic use of NSAID or ACE inhibitor (which can affect kidney function measurement). Furthermore this
supports the healthy population hypothesis.

Living Donor (1993-2007) Characteristics Living Donor (1993-2007) Characteristics
Frequency Percent (%) Frequency Percent (%)
Gender Alcohol consumption before nephrectomy
Male 126 44.7 Never 39 13.8
Female 156 553 Former 1 4
Current 128 45.4
Use of ACE inhibitor before nephrectomy Missing 114 40.4
No 248 87.9
Yes 10 3.5 Hypertension before nephrectomy
Missing 24 8.5 No 269 95.4
Yes 13 4.6

Chronic use of NSAID before nephrectomy

No 243 86.2 CVA before nephrectomy

Yes 15 5.3 No 281 99.6

Missing 24 8.5 Yes 1 0.4
Smoking habit before nephrectomy Myocardial infarction before nephrectomy

Never 81 28.7 No 280 99.3

Former 49 17.4 Yes 2 7

Current 96 34.0

Missing 56 19.9

Table B.1. Summary of categorical characteristics

Other Renal Function Parameters

Figure B.1 below presents the other collected renal function parameters, in box plots. As can be seen, a number of
top outliers are shown. However, none of these points showed peculiarity in their data, and consistent information
was found across correspondence. Thus these points were left in.
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Figure B.1. Pre-donation kidney parameter data, filtered and cleaned. Abbreviations: GFR, glomerular filtration rate at rest; ERPF,
estimated renal perfusion rate at rest; GFRdopa, glomerular filtration rate stimulated with low-dose dopamine infusion;
ERPFdopa, estimated renal perfusion rate stimulated with low-dose dopamine infusion; SerumCreat, serum creatinine level; eGFR
estimated glomerular filtration rate based on MDRD formula.

Stratifications

In analysing the gathered phenotype data, a stratification analysis was done. The population was split into 4 groups
(or quartiles) based on their calculated AGFRmeasured. The people with top 25% AGFRmeasured Were put into the first
quartile (Q1), AGFRmeasured between 26%-50% into Q2, AGFRmeasured between 51%-75% into Q3, and the rest into Q4.

Figure B.2 until B.5 plot the different characteristics per each quartile. These plot offer an overview of which
characteristics are associated with AGFRmeasured. In Figure B.2, age and systolic blood pressure showed some
association with the AGFRmeasured. These two characteristics were then checked for correlation in a scatter plots.
Correlation with age is shown in Figure 6.4. Figure B.6 shows the systolic blood pressure correlation, and as a check,
correlation with BMI was also checked and plotted in Figure B.7.
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Figure B.2. Bar plots of each quartile’s pre-nephrectomy age, diastolic and systolic blood pressure, and BMI. Bar plots present the
mean of the characteristic with error bars showing 95% Cl.
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Figure B.3. Bar plots of each quartile’s pre-nephrectomy microalbuminaria, urine ureum, blood triglycerides, and total blood
cholesterol level. Bar plots present the mean of the characteristic with error bars showing 95% CI.
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Figure B.4. Bar plots of each quartile’s pre-nephrectomy ERPF and GFR at both base and dopamine-stimulated level. Bar plots
present the mean of the characteristic with error bars showing 95% Cl.
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Figure B.5. Bar plots of each quartile’s pre-nephrectomy filtration fraction at base and dopamine-stimulated level. Bar plots
present the mean of the characteristic with error bars showing 95% Cl.

52



Correlation between AGFR . .,s.req @Nd
pre-nephrectomy systolic blood pressure

2
°
1.8
"3
g 16 e O ° P ..
2 [
g e 38, )
R Tx 0 T LA
. .eul 8. 2_
- Fifplodin. o0 roos
1.2 6o ® ‘r R
$,9%¢ e® o3 ° °
1 . °
° R=-0.1637
© p-value = 0.0244
0.8
80 100 120 140 160 180 200 220

Systolic Blood Pressure (mmHg)

Figure B.6. Correlation between measured residual renal capacity and pre-nephrectomy systolic blood pressure. The two have a
significant moderate negative correlation.

Correlation between AGFR.,s.req @and
pre-nephrectomy systolic blood pressure

2.15
1.95 ®
1.75 -
g o ° °
2 1.55 e °q o ° o S
o o % Vels o o0 o R =0.0026
o 1.35
O
<
1.15
095 o ° . ° N R=0.0512
© p-value =0.5120
0.75
15 20 25 30 35 40 45
BMI (kg/m?)

Figure B.7. Correlation between measured residual renal capacity and pre-nephrectomy BMI. The two do not have a significant
correlation.
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Appendix C
Other GWAS Results

GWAS of AGFRmeasured With additional covariate of pre-nephrectomy systolic blood pressure

An additional GWAS analysis was done with an added covariate of systolic blood pressure. Systolic blood pressure is
not a common covariate used in kidney-function association studies, however, the parameter showed to have a
significant negative correlation with the AGFRmeasured. The correlation was not too strong and there was a chance that
the collected data might have been biased by the use of anti-hypertensives. Nonetheless, as a check, similar GWAS
associating the SNPs with AGFRmeasured Was done with age, gender, and systolic blood pressure covariates.

The plotted results in Figure C.1 shows similar findings with the presented results in the body of the thesis, with three
loci found to be significant beyond the genome-wide significance threshold, at chromosome two, six, and ten.
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Figure C.1. Manhattan plot of GWAS results of the residual renal capacity, corrected for age, gender, and systolic blood pressure.
Each point represents a tested SNP, displayed by chromosomal position (x-axis). Y-axis shows —log(p-value) for each SNP.
Significantly associated SNPs are shown on chromosome two, six, and nine.

GWAS with eGFR-based measured residual renal capacity

In the course of the project, a GWAS was also performed with eGFR-based measured residual renal capacity (in relative
expression, thus as noted in Eq A.4). Figure C.2 shows the results with rare alleles filtered at MAF >= 2%. The
Manhattan plot shows a rather ‘noisy’ signal. QQ plot of allele frequency shown in Figure C.3 shows an inflation when
all data (including rare alleles) are plotted, this implies an insufficient filtering of the rare alleles. Therefore further
filtering was done, filtering out rare alleles of MAF < 10%, leaving only 64% of the SNPs. The result is then shown in
Figure C.4, showing no significant association at the genome-wide significance threshold.
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Figure C.2. Manhattan plot of GWAS results of the residual renal capacity, corrected for age and gender. Filtered at MAF >

2%.

Each point represents a tested SNP, displayed by chromosomal position (x-axis). Y-axis shows —log(p-value) for each SNP.
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Figure C.3. Quality control plots. The QQ plots suggest that rare alleles need to be filtered at MAF >

10%.
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Figure C.4. Manhattan plot of GWAS results of the residual renal capacity, corrected for age and gender. Filtered at MAF >
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