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ABSTRACT

Chronic kidney disease (CKD) is a global public health concern, with disproportionate
morbidity and mortality in low- and middle-income regions, including Sub-Saharan Africa.
Recent advancements in multi-omics approaches have explored disease risk indicators and
contributed to the understanding of the pathophysiology of CKD in high-income
populations. The overall aim of this research was to assess and understand CKD in a Sub-
Saharan population using genetic risk models for kidney disease and to evaluate the
proteomic profile of individuals with hypertension-associated albuminuria, with a view to

detecting indicators of CKD and disease progression in a Sub-Saharan cohort.

The first objective was a scoping review that was undertaken to evaluate existing literature
for potential biomarkers for CKD and to identify gaps in literature. Key literature gaps
identified included the lack of studies that focus on HT in the context of kidney disease and
only one study on African individuals residing in Africa. In this work, two research studies
were developed based on existing data from the African Research Kidney Disease (ARK)
study, a well characterised population-based cohort study of black individuals from
Agincourt in the rural Mpumalanga Province, South Africa. The second objective was a
genomics study which aimed to examine the potential of using summary statistics from
three discovery datasets to assess the predictive accuracy of polygenic scores (PGSs) for
CKD and kidney function markers. Limited transferability was observed, explaining <1%
of the variability in kidney disease markers in this African cohort. A PGS model derived
from the transethnic cohort for estimated glomerular filtration rate (eGFR) explained the
highest variability (0.8%) in African individuals and was significantly associated with HT
(P<0.001), diabetes (P=0.007), and HIV (P=0.001). The third objective was a proteomics
study which aimed to compare proteomic profiles of cases with both HT and albuminuria to
controls (neither condition) to identify proteins and pathways involved in hypertension-
associated albuminuria. Pathways including immune system (q=1.4x10") and innate
immune system (q=1.1x10%2) were linked with hypertension-associated albuminuria.
Proteins including angiotensinogen, apolipoprotein L1, and uromodulin had the highest
disease scores (76—100% confidence). A machine learning approach was able to identify a
set of 20 proteins that contributed to classifying disease status (ie, hypertension-associated

albuminuria).
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The assessment of PGSs for kidney function markers contribute to understanding of CKD
genetic risk prediction in Africa, while the proteomics research added new knowledge to
understanding the role of proteins and pathways involved in hypertension-associated
albuminuria in Africa. This research addresses the gap of a lack of ‘omics research in
resident African populations. It also contributes to the understanding of risk prediction for
CKD and identifies potential proteomic markers for hypertension-associated albuminuria

that may inform the development of personalised treatment strategies in Africa.

Key words: ARK, African genomics, chronic kidney disease, polygenic scores,

hypertension, machine learning.
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CHAPTER 1

1. BACKGROUND AND PURPOSE OF STUDY

Chronic kidney disease (CKD) is emerging as a global public health problem, with
disproportionate morbidity and mortality in low- and middle-income countries in regions
such as sub-Saharan Africa (SSA) (Crews et al., 2019, Ashuntantang et al., 2017). Common
risk factors for CKD include hypertension (HT) and diabetes, with HT being the most
common in regions such as Western and SSA (Bikbov et al., 2020). Infections such a
human immunodeficiency virus (HIV) also contribute to additional risk in high prevalence
regions like South Africa (Couser et al., 2011, Ekrikpo et al., 2018). Recently, the
introduction of ‘omics technologies have led to the identification of various biomarkers for
the early detection of CKD (Provenzano et al., 2021). Polygenic scores (PGSs) estimate an
individual's genetic risk for a trait or disease and is calculated by summarising aggregate
effects many genetic variants in the genome (Chatterjee et al., 2013, Collister et al., 2022,
Khera et al., 2018a). Proteomic approaches permit classification of structure and
concentration of unknown molecules through mass spectrometry (MS) combined with
ultra-performance liquid chromatography (UPLC) and capillary electrophoresis (CE)
(Provenzano et al., 2021). Genetic risk and urinary proteomic profiles for CKD and are
understudied in Africa and South Africa. This PhD thesis aims to address this knowledge
gap by determining genetic risk models for kidney disease (taking into account risk factors
such as HT, diabetes, and HIV infection), and investigating urinary proteomic profiles in a
rural South African setting.

1.1. Epidemiology of CKD and HT

1.1.1. Global prevalence and burden of CKD
CKD is a leading cause of premature disability and mortality, globally (Bulto et al., 2017,

Rhee and Kovesdy, 2015). In a meta-analysis of 100 studies of 6,908,440 participants, the
worldwide prevalence for CKD categories G1-G5 was 13.4% and 10.6% for CKD
categories G3—-G5 (Hill et al., 2016). A more recent study by the Global Burden of Disease
(GBD) Chronic Kidney Disease Collaboration using data from 195 countries from 1990
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2017, reported the worldwide prevalence of CKD to be 9.1% (95% uncertainty interval
(UI): 8.5-9.8), which is approximately 700 million cases (Bikbov et al., 2020).

The 2013 Global Burden of Disease (GBD) report showed that even though relative
mortality rates declined for the majority of communicable and non-communicable diseases,
CKD was one of a few diseases that showed an increase in deaths since 1990 (Aboyans and
Collaborators, 2015, Rhee and Kovesdy, 2015). From 1990 to 2017, the global all-age
mortality rate for CKD increased by 41.5% relative to previous years (Bikbov et al., 2020).
Apart from being one of the leading causes of mortality, CKD is the 12" highest cause of
years of life lost (estimated from the number of deaths attributed to CKD and life
expectancy of people in a variety of age groups at the time of their death from CKD)
(Aboyans and Collaborators, 2015). CKD is predicted to be the 5" leading global cause of
years of life lost by 2040 (Foreman et al., 2018).

1.1.2. Prevalence of CKD in Africa, sub-Saharan Africa, and South

Africa
In population-based data from 54 African countries originating from the five African sub-

regions, the overall pooled population prevalence of CKD was 15.8% (95% CI: 12.1-19.9)
for CKD categories G1-G5 in Africa (Kaze et al., 2018). Compared to North Africa (6.1%,
95% CI: 3.6-9.3), the population prevalence of CKD in SSA was significantly higher
(17.7%, 95% CI: 13.7-22.1; P< 0.001) (Kaze et al., 2018). However, there are marked
regional differences as shown in Figure 1.1. In a systematic review of the 152 CKD
studies, the prevalence of CKD ranged from 2-41% in Africa (pooled prevalence: 10.1%;
95% CI: 9.8-10.5) (Abd ElHafeez et al., 2018).

In population-based cohort data from 2,021 adults from Bushbuckridge, Mpumalanga,
South Africa, the WHO age-standardised prevalence for CKD (low eGFR and/or
albuminuria) was 6.7% (95% CI: 5.4-7.9), dominated by persistent alouminuria (Fabian et
al., 2022). In the Africa Wits-INDEPTH Partnership for Genomics Research (AWI-Gen)
study on 10 702 participants from West, East and South Africa, the age-standardised
population prevalence for CKD (low eGFR and/or albuminuria) was 10.7% (95% CI: 9.9—
11.7) (George et al., 2019). In a community-based cross sectional study of 1,999
participants from the North West Province of South Africa, the crude prevalence of
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albuminuria (urine albumin-to-creatinine ratio [UACR] > 3.0 mg/mmol) was 13.0%
(Navise et al., 2023).

I Western Africa — 19.8%

I Viddle Africa—16.0%

- Eastern Africa — 14.4%
Southern Africa — 10.4%

[ Northern Africa - 6.1%

Figure 1.1: Prevalence of CKD in the general population in Africa by region

Adapted from (Kaze et al., 2018): https://www.pptmaps.com/Editable-map-of-Africa.html. (Terms
of use — Permitted for personal and educational use only).

CKD, chronic kidney disease.

1.1.3. Prevalence and burden of HT
In a global study using data from population-representative studies from Europe, Asia,

Latin America, Caribbean, Oceania, Africa, and SSA, the age-standardised prevalence of
HT in adults aged 30-79 years was 32% in females (95% credible intervals: 30-34) and
34% in males (95% credible intervals: 32—37) (Zhou et al., 2021). Although the global age-
standardised prevalence remained stable, the absolute number of people with HT doubled
from 1990 to 2019 (331 to 626 million females and 317 to 652 million males) (Zhou et al.,
2021). While the prevalence of HT in high-income countries has decreased over time, it has
increased in low- and middle-income countries (Schutte et al., 2023, Mills et al., 2016).
Low- and middle-income countries in regions such as SSA have seen little improvement in
treatment and control rates of HT since 1990, with treatment rates of <25%, and control
rates of <10% (Zhou et al., 2021).
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In the past few decades, HT has become a major public health concern in SSA. Current
epidemiological trends indicate that the disease burden in SSA has surpassed many
European and North American regions. The prevalence of HT ranged from 30-50% in large
urban-dwelling areas in Nigeria, and 15-25% in rural communities of Burkina Faso,

Ghana, and Nigeria (Seeley et al., 2020). This differences in prevalence may in part be due
to the lack of awareness and poor detection rates in rural areas in SSA (Ferdinand, 2020). In
a nationally representative study including 13,217 participants from South Africa, the
prevalence of HT increased from 27—31% in 1998 to 45-48% in 2016 (Peer et al., 2021). In
the AWI-Gen study on 10,695 participants from six sites in four African countries
(Burkina, Ghana, Kenya, and South Africa), the prevalence of HT was 33.3% (95% ClI:
32.4-34.2) (Gomez-Olivé et al., 2017). The 2020 International Society of HT guidelines
proposes that the high prevalence of HT across African-ancestry populations could be
attributed to genetic differences and an interplay between environmental and lifestyle
factors (Ferdinand, 2020, Unger et al., 2020).

1.2. Causes of CKD

The causes of CKD vary globally, with the most common causes shown in Table 1.1
(Vaidya and Aeddula, 2023, Webster et al., 2017).

Table 1.1: Global leading causes of CKD (Vaidya and Aeddula, 2023, Webster et al.,
2017)

Primary disease Prevalence
Diabetes mellitus type 2 30-50%
Hypertension 27.2%
Primary glomerulonephritis 8.2%
Diabetes mellitus type 1 3.9%
Chronic tubulointerstitial nephritis 3.6%
Hereditary or cystic diseases 3.1%
Secondary glomerulonephritis or vasculitis 2.1%
Plasma cell dyscrasias or neoplasm 2.1%
Sickle cell nephropathy <1%

Table from Vaidya SR, Aeddula NR. StatPearls Publishing; 2023. Available from:
https://www.ncbi.nlm.nih.gov/books/NBK535404/ and Webster AC, et al. The lancet.
2017;389(10075):1238-52.

CKD, chronic kidney disease.
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1.2.1. Causes and risk factors for CKD vary by region
The causes of CKD (usually biopsy-proven) vary by region, with HT predominating in east

Asia, tropical Latin America, and Western and Southern SSA, whereas diabetes is the most
common cause in all other regions of the world (Bikbov et al., 2020). CKD arising from
glomerulonephritis and unknown causes are more common in Asia, India, and SSA
(Vaidya and Aeddula, 2023).

In low- and middle-income settings such as South Africa and SSA, there are many potential
causes of CKD. Most individuals with CKD will not have primary kidney disease but
kidney damage secondary to HT, diabetes, and vascular disease (Esmail et al., 2023).
According to the 2021 South African Renal Registry report, the most common causes of
kidney failure were hypertension associated kidney disease (36.6%), kidney failure due to
unknown causes (30.4%), diabetes associated kidney disease (14.3%), and glomerular
disease (11.0%) (Davids et al., 2023). In settings like South Africa, infections such as HIV
also contribute to additional risk for kidney disease (Couser et al., 2011, Ekrikpo et al.,
2018).

In the absence of a biopsy, or other definitive diagnoses, the risk for developing CKD is
estimated using association analyses. The most common risk factors for CKD in SSA are
displayed in Table 1.2. In a population-based study from West, East and South Africa,
CKD was associated with HIV, HT, and diabetes (George et al., 2019). In a retrospective
study from Tanzania, the development of CKD was associated with obesity (body mass
index [BMI] >30 kg/m?), diabetes, and HT (Meremo et al., 2018). In cross-sectional study
from Malawi in individuals without diabetes, HT, and/or proteinuria, the risk associated
with reduced estimated glomerular filtration rate (eGFR; <90 ml/min per 1.73 m?) were age
per ten-year increase, and BMI per 5 kg/m? weight increase (Hamilton et al., 2020). In
Uganda, the major risk factors associated with CKD were age (>60 years) and HIV (Muiru
et al., 2020). In a cross-sectional study from South Africa, CKD was associated with the
presence of diabetes, abdominal obesity, and higher diastolic blood pressure (Adeniyi et al.,
2017).
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Table 1.2: Risk factors for CKD in sub-Saharan Africa (George et al., 2019, Meremo

et al., 2018, Hamilton et al., 2020, Muiru et al., 2020, Adeniyi et al., 2017)

Country/region Sample size Risk factors Risk P value
measurement™
(OR, 95% CI)
West, East and 8,110 HIV 1.65 (1.36-1.99) <0.0001
South Africa HT 1.97 (1.68-2.30) <0.0001
Diabetes 2.22 (1.76-2.78) <0.0001
Obesity 8.7 (3.5-15.9) <0.001
Tanzania 1,244 Diabetes 9.2 (4.6-19.6) <0.001
HT 7.5 (3.9-11.7) <0.001
Malawi 821 Age 3.6 (2.6-5.2) -
BMI 2.0 (1.3-3.4) -
Uganda and Age (> 60 years) | 3.5(1.9-6.5) -
Kenya 3,686 HIV infection 1.6 (1.1-2.2) -
Diabetes 2.8 (1.1-6.9) 0.03
Abdominal 2.5(1.0-5.9) 0.046
South Africa 489 obesity
High diastolic 1.0 (1.0-1.1) 0.03
blood pressure

Risk measurements included odds ratio and adjusted prevalence ratio.
BMI, body mass index; CI, confidence interval; CKD, chronic kidney disease; HIV, human
immunodeficiency virus; HT, hypertension; OR, odds ratio.

1.2.2. CKD heritability

The heritability of CKD depends on the genetic contribution to the disease. On the one

hand, it can be very high, for example when attributed to monogenic (also known as

“Mendelian”) causes, and lower on the other hand when attributed to complex, polygenic

and multi-factorial factors in combination (Koéttgen et al., 2022). There are currently more

than 600 genes implicated in monogenic causes of CKD (Rasouly et al., 2019, Kottgen et

al., 2022). In monogenic CKD, the disease arises as a result of rare, pathogenic variants in a

single gene; with a strong genotype-to-phenotype relationship and limited influence from

environmental factors (Kottgen et al., 2022). These single gene diseases include autosomal

dominant polycystic kidney disease, Alport syndrome, and autosomal recessive disorders
such as nephronophthisis (Aung et al., 2021, Soraru et al., 2020, Mallett et al., 2014).

Monogenic causes of CKD account for 30-50% of paediatric cases, and 10—-30% of adult

cases (Mann et al., 2019, van der Ven et al., 2018, Groopman et al., 2019, Domingo-
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Gallego et al., 2022, Bullich et al., 2018, Connaughton et al., 2019). In complex or
polygenic causes of CKD, there is a lack of a simple pattern of inheritance (i.e., dominant,
recessive, or sex-linked inheritance), and it is the result of the aggregate effects of common
variants (defined as minor allele frequency >1%) in the genome and environmental factors
(Ghosh and Collins, 1996). The last 10 years has seen significant progress in identification
of many common variants associated with CKD and kidney function traits through
genome-wide association studies (GWASSs) and whole exome- or whole genome-
sequencing studies, with sample sizes increasing from 100,000 to ~1,000,000 facilitating
the detection of more than 250 genetic loci strongly associated with CKD in different

ancestral groups (Tin and Kdéttgen, 2020) (more information in section 1.6.2).

A major development regarding susceptibility to CKD involved the use of ancestry studies.
These ancestry studies took advantage of mixed African and European ancestry in African
Americans to identify potentially causal variants in the myosin-9 (MYH9) gene that were
strongly associated with kidney disease (Kao et al., 2008, Kopp et al., 2011). Subsequent
studies identified coding variants in the adjacent apolipoprotein L1 (APOL1) gene that
explained a substantial fraction of this risk difference for kidney diseases such as CKD and
end stage Kidney disease (Tzur et al., 2010, Yusuf et al., 2021, Genovese et al., 2010). The
APOL1 risk variants comprise of two non-synonymous variants collectively referred to as
the G1 risk allele and a 6 bp in-frame deletion referred to as the G2 risk allele (Limou et al.,
2014, Yusuf et al., 2021).

Individuals carrying the APOL1 risk variants have been shown to be protected from
trypanosomiasis, also known as sleeping sickness, a condition that affects millions of
Africans (Kasembeli et al., 2015). The G1 and G2 variants are distinctly distributed among
individuals with African ancestry (Kasembeli et al., 2015). The APOL1 risk alleles arose by
chance and were subjected to positive selection, therefore, increased in frequency in
trypanosomiasis endemic regions (Kasembeli et al., 2015). There are 3 Trypanosoma
species; Trypanosoma brucei brucei, Trypanosoma brucei rhodesiense, and Trypanosoma
brucei gambiense (Brun et al., 2010). T.b. brucei species is incapable of infecting humans
due to serum containing apolipoprotein Al, high-density lipoprotein, and trypanolytic

factor containing apolipoprotein L1 (Brun et al., 2010). However, the other two
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Trypanosoma species (T.b. rhodesiense and T.b. gambiense) evade this host defence
mechanism by expressing a serum resistance associated (SRA) protein. The SRA protein
binds to and inactivates the wild type APOL1 protein. However, the ability of APOLL1 to
lyse T.b. rhodensiense is restored by the presence of the G1 and G2 risk variants, which
occur near and in the SRA binding site (Brun et al., 2010).

The APOLL renal risk alleles (G1 and G2) evolved to protect carriers from trypanosomiasis
in West Africa and were subsequently spread to other regions of the world after the out-of-
Africa migrations. Because of the evolutionary selection, the highest G1 and G2 risk allele
frequency is observed in West Africa, with a combined allele prevalence of over 40%
(Daneshpajouhnejad et al., 2022). The combined frequency (G1 and G2) is approximately
34% in African Americans and absent in individuals without African ancestry
(Daneshpajouhnejad et al., 2022). In the AWI-Gen study the allele frequencies showed
some differences from previous studies, South and West Africa had the highest G1 allele
frequencies (approximately 7-13%). The frequencies for the G2 allele were also highest in
South Africa (15-24%), followed by West Africa (9-12%) (Brandenburg et al., 2022a).
The lower frequencies in the West African populations in AWI-Gen point to differences
among West African populations and ethnic groups. African American individuals with
both APOLL1 risk alleles tend to have a 5-fold higher risk of incident alouminuria, 10-fold
higher risk of ESKD and 7-fold higher risk of ESKD due to HT (Cafiadas-Garre et al.,
2019, Peralta et al., 2016). In East, West and South Africans from the AWI-Gen study,
APOL1 risk variants were significantly associated with albuminuria (OR, 1.63; 95% ClI:
1.25-2.12) in the recessive model (G1/G1, G2/G2, or G1/G2), but not with eGFR levels
(Brandenburg et al., 2022a).

1.3. Guidelines for defining CKD and HT

1.3.1. Classification of CKD
The Kidney Disease Improving Global Outcomes (KDIGO) 2012 Clinical Practice

Guideline for the Evaluation and Management of CKD is widely accepted as a reference for
clinical care (Levin et al., 2013). Using the KDIGO guidelines, CKD is determined by
measuring GFR and urine albumin excretion (albuminuria). Normal kidney function is
defined as (i) eGFR >90 ml/min per 1.73 m? and (ii) UACR of <3 mg/mmol. The diagnosis
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of CKD is based on (i) the presence of eGFR<60mI/min/1.73m? determined using the
Chronic Kidney Disease Epidemiology Collaboration equation (CKD-EPI) equation, or (ii)
one or more markers of kidney damage: albuminuria (UACR >3.0 mg/mmol), abnormal
urine sediment, tubular disorders, histology or imaging abnormalities, or history of kidney

transplant (Levin et al., 2013).

To define CKD, evidence of chronicity is required, either from a patient’s history, prior
investigations, or with repeat measurements at least three months apart. CKD is defined
using specified cut-offs for both eGFR and albuminuria, as each biomarker independently
predicts increased risk for premature death and adverse cardiovascular outcomes (Go et al.,
2004). If CKD is confirmed, it is further classified by GFR and albuminuria category for
stratification into risk categories (Figure 1.2) (Levin et al., 2013). It is important to note
that these cut-offs are defined from pooled analyses in population cohorts and none of the
studies included African populations. Therefore, while these cut-offs are commonly used,
there have not been validated as appropriate for African populations. CKD progression is
assessed my measuring eGFR and albuminuria annually in individuals with confirmed
CKD. CKD progression is determined by: (i) a decline in GFR category (G1, >90; G2, 60—
89; G3a, 45-59; G3b, 30—44; G4, 15-29; G5, <15 ml/min/1.73 m?); or (ii) a more than 5
ml/min/1.73 m?/year decline in eGFR (i.e., rapid progression) (Levin et al., 2013).
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Figure 1.2: KDIGO 2012: CKD classification and prognosis by GFR and albuminuria
categories (Levin and Stevens, 2014)

Green: low risk (if no other markers of kidney disease, no CKD); Yellow: moderately increased
risk; Orange: high risk; Red, very high risk.

Diagram from Levin A, Stevens PE. (2014) (Under an Elsevier user license; see Creative Commons
licence: http://creativecommons.org/licenses/by/4.0/).

CKD, chronic kidney disease; GFR, glomerular filtration rate

The 2022 KDIGO Clinical Practice Guideline for Diabetes Management in Chronic Kidney
Disease recommends treatment with sodium-glucose cotransporter 2 inhibitors (SGLT2is)
for improving kidney function outcomes in individuals with type 2 diabetes, CKD, and
eGFR >30 ml/min per 1.73 m? (Rossing et al., 2022).

1.3.2. Classification of HT
There are various guidelines (including guidelines from South Africa) for determining

ranges for normal and elevated blood pressure (BP) as shown in Table 1.3: (i) the Seventh
Report of the Joint National Committee on Prevention, Detection, Evaluation, and
Treatment of High BP (JNC7) guidelines (Chobanian et al., 2003); (ii) the 2017 American
College of Cardiology/American Heart Association (ACC/AHA) Clinical Practice
Guideline for High Blood Pressure in Adults (Whelton and Carey, 2018); (iii) 2020

Page | 10



International Society of Hypertension guidelines; (iv) 2023 European Society of

Hypertension (ESH) guidelines for the Management of Arterial Hypertension (Mancia et

al., 2023), and (v) South African hypertension practice 2014 guidelines (Seedat et al.,

2014).

Table 1.3: Ranges for normal and elevated blood pressure according to various

guidelines
BP category Systolic blood And/ Diastolic blood
pressure (mmHgQ) or pressure (mmHgQ)
JNC7 (Chobanian et al., 2003)
Normal <120 And <80
Prehypertension 120-139 Or 80-89
Hypertension, stage 1 140-159 Or 9099
Hypertension, stage 2 >160 Or >100
2017 ACC/AHA (Whelton and Carey, 2018)
Normal <120 And <80
Elevated 120-129 And <80
Hypertension, stage 1 130-139 Or 80-89
Hypertension, stage 2 >140 Or >90
ISH 2020 (Unger et al., 2020)
Normal <130 And <85
High-normal 130-139 and/or 85-89
Hypertension, stage 1 140-159 and/or 90-99
Hypertension, stage 2 >160 and/or >100
2023 ESH (Mancia et al., 2023)
Optimal <120 And <80
Normal 120-129 And 80-84
High-normal 130-139 and/or 85-89
Hypertension, grade 1 140-159 and/or 9099
Hypertension, grade 2 160-179 and/or 100-109
Hypertension, grade 3 >180 and/or >110
Isolated systolic hypertension >140 And <90
Isolated diastolic hypertension <140 And >90
2014 South African hypertension practice 2014 (Seedat et al., 2014)
Normal <120 And <80
Optimal 120-129 and/or 80-84
High normal 130-139 and/or 85-89
Hypertension, grade 1 140-159 and/or 9099
Hypertension, grade 2 160-179 and/or 100-109
Hypertension, grade 3 >180 and/or >110
Isolated systolic hypertension >140 And <90
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ACC, American College of Cardiology; AHA, American Heart Association; ESC, European
Society of Cardiology; ESH, European Society of Hypertension; ISH, International Society of
Hypertension

The ESC/ESH guidelines does not focus on prevention and specific ethnic/racial groups
(i.e., black, Hispanic etc) (Bakris et al., 2019). The ACC/AHA guidelines have lower cut-
off points for hypertension, resulting in an increased projected hypertension prevalence at a
population level and have been criticised for mislabelling many patients as hypertensive,
with no clear indication of increased CVD risk (Egan et al., 2018, Egan et al., 2019, Poulter
et al., 2018, Khera et al., 2018b, Muntner et al., 2018). The Seventh Report of the Joint
National Committee on Prevention, Detection, Evaluation, and Treatment of High BP
(JNC7) guidelines were the most up to date at the time the African Research on Kidney
Disease (ARK) study was initiated in 2016 and the choice to abide by them was made
apriori, as part of the study design. For the purposes of this PhD, the INC7 guidelines were
used as it is used globally and provides an evidence-based approach for the prevention and
management of high BP (Chobanian et al., 2003). The classification of HT in adults (>18
years) is based on the average of two or more BP readings.

Since high BP is one of the most common risk factors for adverse kidney outcomes, the
KDIGO published guidelines for the management of BP in CKD (Cheung et al., 2021). In
adults with elevated BP and CKD, standardised office BP measurement can be used to
target systolic blood pressure (SBP) of <120 mm Hg, when tolerated. In patients with very
limited life expectancy, clinicians may propose less intensive BP-lowering therapy (Cheung
et al., 2021). In addition, in patients with elevated BP, CKD, and increased albuminuria
(A3), renin-angiotensin-system inhibitors, angiotensin-converting enzyme inhibitor, or

angiotensin Il receptor blocker are recommended (Cheung et al., 2021).

1.4. The complex pathophysiology and interplay between CKD and
hypertension

1.4.1. The molecular pathways in the pathophysiology of CKD
The pathogenesis of CKD is multifactorial, involving renal inflammation, tubular atrophy,

glomerulosclerosis, and tubulointerstitial fibrosis (Figure 1.3) (Gusev et al., 2021, Yang
and He, 2019). In the setting of high BP, dyslipidaemia, injury or stress stimuli,
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glomerulus-resident cells such as mesangial cells and podocytes become damaged and
activated and release various cytokines (e.g., interferons and tumour necrosis factor)
chemokines (e.g., monocyte chemoattractant protein-1 and RANTES), which permits the
migration and accumulation of multiple types of inflammatory cells to the site of injury
(Yang and He, 2019, Yuan et al., 2022). These infiltrating immune cells together with
intrinsic cells produce various cytokines and growth factors such as angiotensin,
transforming growth factor 1, and fibroblast growth factor which lead to collapse
obliteration of glomerular capillaries and loss of podocytes (Yang and He, 2019, L6pez-
Novoa et al., 2011). Consequently, extracellular matrix (ECM) components are
accumulated to replace the tissue that has been damaged. Glomerulosclerosis is
characterised by an increase in mesangial matrix accumulation and collapse of glomerular

capillaries and leads to loss of kidney function (Yang and He, 2019).

In the setting of high glucose concentration, hypoxemia, or sustained Kidney injury,
glomerulus-resident cells are injured and release chemokines that provides a signal for
inflammatory cells to immigrate to the site of injury (YYang and He, 2019, Lin and Hsu,
2020). These invading inflammatory cells produce multiple compounds and protein factors
such as reactive oxygen species, interleukin 1, and tumour necrosis factor a, which leads to
exacerbation of the renal-cell injury (Yang and He, 2019). This series of events activates
fibroblasts, myofibroblasts and tubular epithelial cells, resulting in the overproduction of
ECM components. The excessive deposition of ECM components in the renal interstitial
space causes renal tubular damage and atrophy, which in turn leads to fibrosis, a key
characteristic of CKD (Yang and He, 2019, Cho, 2010, Huang et al., 2023).

HT can cause kidney injury in tubular cells, beyond its well-established effects on the renal
vasculature and glomeruli (Sievers and Eckardt, 2019). The mechanisms of hypertension-
induced tubular injury include ischemia and hypoxia, increased intraluminal pressure,
proteinuria, oxidative stress and inflammatory responses, and activation of RAAS. In the
setting of chronic hypertension, blood vessels can narrow and stiffen, resulting in decreased
blood flow to the kidneys (Safar, 2018). This diminished blood flow can lead to ischemia
(reduced blood supply) and hypoxia (reduced oxygen supply) of the tubular cells (Wang et

al., 2022). Over time, this can result in tubular injury and contribute to the progression of
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CKD (Ullah and Basile, 2019). HT has been shown to cause raised glomerular pressure,
that can increase the pressure in the tubules (Wang et al., 2013). This increased pressure
can directly damage the tubular epithelial cells and lead to kidney dysfunction (Hall, 2016).
Raised glomerular pressure has been shown to result in filtration of proteins into the tubular
fluid (Palatini, 2012). This excess proteins in the tubules can be toxic to the tubular cells,
leading to injury through processes like oxidative stress and inflammation (Gyuraszova et
al., 2020). HT can induce oxidative stress through the generation of reactive oxygen species
(ROS) (Rodrigo et al., 2011). These ROS can damage tubular cells directly or indirectly by
activating inflammatory pathways, which further contribute to tubular injury and fibrosis.
(Rodrigo et al., 2011). Over activation of the RAAS is strongly linked to hypertension, and
can exacerbate kidney damage (Moon, 2013, Mufioz-Durango et al., 2016). Components of
RAAS, particularly angiotensin 11, has been shown to directly induce tubular cell injury and
fibrosis (Gelen et al., 2021). Angiotensin Il has been shown to activate many inflammatory
and fibrotic pathways which contribute to tubular cell apoptosis and fibrosis (Navar et al.,
1996, Ruster and Wolf, 2006, Siragy and Carey, 2010).
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Figure 1.3: Schematic presentation of cellular events involved in CKD

Adapted from Yang J, He W. Springer, 2019 (Yang and He, 2019).
Ang, angiotensin; CKD, chronic kidney disease; CTGF, connective tissue growth factor; FGF,

fibroblast growth factor; HT, hypertension; IL-1, interleukin 1; ROS, reactive oxygen species;
TGFp, transforming growth factor beta; TNF-a, tumour Necrosis Factor alpha.
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1.4.2. The mechanisms underlying hypertension-associated kidney

disease
HT can be both a cause and a consequence of kidney disease, and the interaction between

HT and CKD is complex, making it difficult to establish which disease precedes the other,
as both share similar risk factors including age and comorbidities such as diabetes,
cardiovascular disease and obesity (Hamrahian and Falkner, 2016). There are a number of
mechanisms underlying hypertension-associated kidney disease including endothelial
dysfunction, renin-angiotensin-aldosterone system (RAAS), and glomerular hypertension
(Figure 1.4). HT causes changes in endothelial cells by altering the balance of the various
endothelial cell factors such as reduced nitric oxide and increased endothelin-1 (ET-1),
which in turn leads to endothelial dysfunction (Konukoglu and Uzun, 2017, Drozdz et al.,
2022, Kostov, 2021). A reduction of nitric oxide synthesis causes damage to the arteries,
arterioles, and capillaries of the kidney; and enhances progression of kidney disease in the
setting of hypertension (Agarwal, 2004, Vaziri et al., 2002). Increased levels of ET-1 have
been shown to cause an increase in oxidative stress and contribute to renal vascular
inflammation and fibrosis, which are well known features of kidney disease (Elmarakby et
al., 2005, Pollock, 2000, Panizo et al., 2021, Dhaun et al., 2012).

The RAAS plays an important role in regulating blood pressure, with over activation of the
RAAS strongly linked to hypertension (Moon, 2013, Mufioz-Durango et al., 2016).
Angiotensin Il has been shown to directly affect vascular smooth muscle cells in the
kidneys resulting in the vasoconstriction of both afferent and efferent arterioles, causing
glomerular hypertension and a reduction of blood flow in the kidneys (Mennuni et al.,
2014). Angiotensin Il has been shown to activate many inflammatory and fibrotic pathways
which contribute to CKD and ESKD (Navar et al., 1996, Ruster and Wolf, 2006, Siragy
and Carey, 2010). Angiotensin Il also stimulates the production of ET-1 resulting in an

increase in oxidative stress (Pollock, 2000, Sasser et al., 2002).

In the setting of sustained elevated BP, afferent arterioles (blood vessels which carry blood
to the glomeruli) undergo structural adaptations and develop hypertrophy leading to
glomerular injury (Bidani and Griffin, 2004, Shankland, 2006, Folkow et al., 1977). In the

glomerulus, raised capillary pressure results in increased glomerular protein filtration and
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scarring which leads to abnormally high amounts of protein in the urine. In many cases, the
first sign of CKD is the presence of albuminuria (Bidani and Griffin, 2004, Shankland,
2006, Folkow et al., 1977, Buffet and Ricchetti, 2012, Heerspink and Gansevoort, 2015).

Hypertension
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Figure 1.4: Mechanisms involved in the pathophysiology of hypertension-associated
kidney disease

Created own image.

RAAS, renin-angiotensin-aldosterone system.

1.5. The importance of omics’ studies in kidney disease
CKD is diagnosed based on changes in eGFR and/or albuminuria which indicate

deterioration of kidney function (Levin et al., 2013). However, eGFR is relatively
insensitive, as there can be a large decline in kidney function with no/little change in eGFR.
In addition, eGFR has limited usefulness in predicting the risk of progression to ESKD,
unless it is greatly reduced (Argiles et al., 2013). Albuminuria can be an early urinary
marker of kidney disease, and may predict decline in eGFR. However, kidney disease
progresses in some patients regardless of albuminuria and/or proteinuria being absent
(Miller et al., 2009). Therefore, there remains a need for other kidney disease markers that
permit early detection and prediction of disease progression (Govender et al., 2021). Such

markers would facilitate interventions to slow the progression of kidney disease, which is
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useful in settings like South Africa with limited resources, where there is little/no access to

dialysis and kidney transplants for patients with ESKD (Govender et al., 2021).

The introduction of omics approaches has permitted the discovery of various biomarkers
for the early detection of CKD (Provenzano et al., 2021). Omics techniques allow high-
throughput, comprehensive exploration of the genomic, proteomic, epigenomic,
transcriptomic, and metabolomic biomarkers, through various approaches such as next-
generation sequencing, mass spectrometry, and mRNA arrays (Papadopoulos et al., 2016,
Provenzano et al., 2021). These omics biomarkers generated from urine, blood and kidney
biopsy tissues may be more strongly associated with pathophysiology of disease in
comparison to conventional markers including eGFR and albuminuria (Provenzano et al.,
2021).

One of the key advantages of utilising genomics is that if a causal genetic variation is
identified, unnecessary treatments can be avoided, and tailored therapies can be proposed
(Grobe et al., 2023). Genomic sequencing has successfully identified monogenic causes of
CKD, attributing up to 30% of all adult kidney disease cases as inherited (Mann et al.,
2019, van der Ven et al., 2018, Groopman et al., 2019, Domingo-Gallego et al., 2022,
Bullich et al., 2018, Connaughton et al., 2019). A noteworthy example of translating
genomics into the clinic came with the discovery of renal risk variants in the APOL1 gene
in individuals with African ancestry (Genovese et al., 2010, Tzur et al., 2010). Individuals
with African ancestry and high-risk APOL1 variants are at increased risk for developing
ESKD and hypertensive-associated ESKD (Cafiadas-Garre et al., 2019). In addition, many
studies have shown that donor kidneys from patients with high-risk APOL1 variants fail at
higher rates than non-risk donor kidneys (Freedman et al., 2015, Freedman et al., 2016).
This has allowed for identification of individuals at risk for kidney disease and current
discussions for the assessment of risk stratification in a kidney transplant setting (Friedman
and Pollak, 2021). Relatively inexpensive genomics-informed methods that predict kidney
disease risk present a great opportunity for low- and middle-income countries like South
Africa, where the morbidity and mortality of noncommunicable conditions such as CKD

are disproportionately high (Govender et al., 2021).
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Recently, the use of proteomic approaches has gained a lot of interest since it is able to use
urine as the biological sample (Provenzano et al., 2021). Urine samples are easily
accessible and can be often requested by healthcare workers for assessing treatment
response and stratification of risk for future outcomes in CKD patients (Provenzano et al.,
2020, Heerspink and Gansevoort, 2015). Proteomic approaches that permit classification of
structure and concentration of unknown molecules are MS combined with UPLC and CE
(Provenzano et al., 2021) are used to identify markers as early indicators of kidney disease
and disease mechanisms (Mischak et al., 2010, Fan et al., 2021, Pontillo and Mischak,
2017a). However, these biomarkers are mostly used to identify CKD and predict disease
progression in populations with European ancestry, emphasizing the necessity for
representative proteomics studies in populations with African ancestry (Govender et al.,
2021).

1.6. Genomic approaches and examples

1.6.1. GWAS definition and concept
Since the completion of the Human Genome Project in 2003, GWASs have evolved as an

important approach in detecting genetic associations owing to its non-hypothesis driven
approach (Lander et al., 2001). A GWAS approach tests hundreds of thousands to millions
of variants in the genome in a large group of individuals to identify associations between
the genotype and phenotype (Tam et al., 2019). The GWAS approach depends on the
linkage disequilibrium (LD) concept, where genotype-phenotype associations are identified
using non-random association between genetic variants and traits within a population
(Visscher et al., 2012). The association between genomic variants and a diseases or trait is
investigated by the detection of markers in the gene that tag the variants that are causal
(Schaid et al., 2018). These associations have provided an understanding of the genetic
architecture of disease susceptibility of numerous diseases leading to significant
developments in clinical care (identification or disease biomarkers and drug targets) and
precision medicine (risk prediction and tailored therapies based on genotype).

1.6.2. GWAS for CKD
In the last few years, there have been significant progress in GWASs of kidney function

traits with sample sizes increasing from 100,000 to over 1,000,000 permitting the
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identification of more than 250 highly reproducible genetic loci, with inclusion of
participants with European and non-European ancestries and utilisation of advanced
computational approaches to identify potentially causal genes and variants (Tin and
Kottgen, 2020). To understand the genetic architecture of complex diseases, continuous
outcomes offers higher statistical power in comparison to binary outcomes, defined as the
presence or absence of a disease (Bush and Moore, 2012). As such, continuous measures
used for CKD diagnosis including eGFR and UACR have become the main outcomes for
most CKD-related GWASs (Levin et al., 2013, Tin and Kottgen, 2020).

A summary of the main GWASs for CKD and kidney function traits is shown in Table 1.4.
Kidney functions traits investigated included eGFR, UACR, albuminuria and Cystatin C.
The sample sizes ranged from 3,288 to 1.5 million, with the largest study including only
5.5% of individuals with African ancestry. The heritability for the various kidney function
traits ranged from 0.4-21%, with the lowest heritability in a GWAS on individuals from

continental Africa.

The first GWAS for CKD (eGFR based on creatinine) in continental Africa was conducted
for 3,288 participants of East African descent from Uganda General Population Cohort
(Fatumo et al., 2021). They identified two loci for eGFR (single nucleotide polymorphism
[SNP] rs2433603 in the glycine amidinotransferase [GATM] locus; SNP rs141845179 in
the haemoglobin beta [HBB] locus), at the genome-wide significance level of P <5x10°8.
The association signal in the GATM locus with eGFR was distinct from signals that were
previously reported at this locus in European and transethnic ancestry studies (Hellwege et
al., 2019, Wuttke et al., 2019). In another study, a GWAS for eGFR (based on cystatin-C)
on 5,877 individuals from the Uganda Genomic Resource identified three SNPs at genome-
wide significance (P <5x1078); rs59288815 (ANK3), rs4277141 (OR51B5), and rs911119
(CST3) (Mayanja et al., 2023).

Although there have been increased efforts to improve genetic diversity in GWASs, the
majority of the SNPs linked to CKD or kidney function are derived from studies on

European individuals, indicating sample selection bias in current GWASSs. Larger studies

Page | 20



are needed to detect genetic variants that are exclusive to African populations that may

influence kidney function.

Table 1.4: Summary of key GWASs for kidney function traits

First Sample Ancestry % Trait Heritability
author size African
and year ancestry
(Wuttke et | 1,046,070 European, African eGFR 0.20
al., 2019) American, South and 1.3%
East Asian, Hispanic
(Teumer et | 564,257 European, African 1.0% UACR 0.04
al., 2019) American, Asian, Albuminuria -
Hispanic
(Casanova | 437,027 European 0% UACR 0.006
etal.,
2019)
(Stanzick 765,348 European, African 1.8% eGFR 0.098
etal., American, Asian
2021)
(Sinnott- eGFR 0.20
Armstrong | 363,228 European 0% Urea 0.12
etal., Cystatin C 0.21
2021) Albuminuria 0.03
(Liuetal., | 1,500,000 European, African African eGFR 0.07
2022) American, African, (4.0%)
East and South Asian,
Hispanic or Latino, African
Admixed/Native/Asian | American
American, Middle (1.5%)
Eastern.

(Fatumo et 3,288 Continental African 100% eGFR 0.0004
al., 2021)
(Mayanja 5,877 Continental African 100% Cystatin C -
etal.,
2023)

eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio.

1.7. Polygenic scores (PGSs) and related steps

1.7.1. Overview of PGSs
The contribution of genetic risk for complex diseases is based on the heritability of the trait

and the calculation of a polygenic score. A PGS, also called a polygenic risk score or

genetic risk score, is a calculation of an individual's risk for a certain disease or condition
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based on their genetic makeup, attained by capturing the aggregate effects of common

variants (minor allele frequency at least 1%) in the genome, that individually contribute a
small fraction of overall risk, but collectively account for a higher proportion of risk for a
specific trait or disease (Chatterjee et al., 2013, Collister et al., 2022, Khera et al., 2018a).

A basic PGS equation for an individual is:

n
PGS =ZWi.Xi
i=1

where n is the number of SNPs, w; is the effect size (beta value) of the i*" variant for a
particular outcome, and X; is the effect of the allele (e.g., 0= non-effect allele homozygote,
0.5=heterozygote, 1=effect allele homozygote) (Reisberg et al., 2017). The effect size or
beta value is attained from a GWAS, known as the “discovery” data, where each variant is
evaluated for association with the particular trait or disease of interest, and the effect sizes
are estimated (Collister et al., 2022). If an individual’s genetic score is greater than the
control or reference group, that individual is thought to be at increased risk for the given
trait or condition (Osterman et al., 2021).

1.7.2. SNP genotyping

Genotyping is the process of analysing genetic variations in an individual’s genome
(Kockum et al., 2023). A genotype refers to the total sum of alleles an individual carries for
a specific gene, inheriting one allele from each parent (Kockum et al., 2023). A low-cost
approach to genotyping selected variants arose with the development of SNP genotyping
arrays. The H3Africa (Human Heredity and Health in Africa) Consortium together with
Illumina Inc., designed a custom array that includes ~ 2.3 million SNPs (Mulder et al.,
2018). This array was specifically developed to capture common variants in African
populations and is based on >3000 African whole genome sequences (Mulder et al., 2018).
The H3African SNP array comprise of genetic variants that were previously described to be
associated with several diseases (Mulder et al., 2018). The LD efficiency in African
populations was highest in the H3Africa SNP array compared to other arrays (Omni, Panaf,
and Mega), making it the most appropriate array for GWASs performed in African
populations (Mulder et al., 2018).
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1.7.3. Quality control
The quality of the discovery (GWAS summary statistics [e.g. P and beta and values]) and

target (genotypes and phenotypes of individuals in the target sample) datasets determines
the power and validity of imputation and PGS analysis. Thus, both datasets need to go
through stringent quality control (QC) to ensure the data is of high standard (Choi et al.,
2020). In this doctoral study, the QC process involving a stepwise removal of SNPs and
individuals using the H3Africa Consortium Pan-African Bioinformatics Network
(H3ABioNet H3AGWAS) workflow (https://github.com/h3abionet/h3agwas) will be used
(Baichoo et al., 2018, Brandenburg et al., 2022b). Individual QC includes the removal of
samples with discordant sex information (genotype versus documented) and those with a
SNP missingness greater than 0.02. Heterozygosity cut-offs are used to remove individuals
with excessive heterozygosity (>0.343) which indicates genotyping errors, and low
heterozygosity (< 0.15) which indicates inbreeding. Relatedness cut-offs (n" - pi hat
between 0.1 and 0.7) are applied to account for closely related individuals in a study i and
keep as many samples as possible. The SNP QC process involves exclusion of duplicate
and non-autosomal SNPs from the dataset. SNPs with a minor allele frequency (MAF)
below 0.01, missingness greater than 0.01, and Hardy-Weinberg equilibrium (HWE)
P<0.0005 are removed during the QC process.

1.7.4. Imputation
Imputation is a statistical approach that uses a reference panel to infer haplotypes, thereby

predicting unobserved genotypes in an array (Das et al., 2018). This technique increases the
coverage for GWAS, and enhances meta-analysis of independent GWASSs by increasing the
number of overlapping SNPs between different studies (Das et al., 2018). Some of these
reference panels are publicly available, while others can be accessed through particular
imputation services (Sengupta et al., 2023). Imputation performance has been shown to be
positively impacted by reference panel size and its genetic closeness to the targeted
population (Das et al., 2018). As such, larger panels with greater representation from
different geographical regions have been developed. Examples of these panels include the
1000 Genomes Project (n=2,504) (Auton et al., 2015), the Haplotype Reference
Consortium (n=32,470) (McCarthy et al., 2016), Trans-Omics for Precision Medicine
(TOPMed; n=97,256) (Taliun et al., 2021), and the African Genome Resource (n=4,956) at
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the Sanger Imputation Server (https://imputation.sanger.ac.uk/) (McCarthy et al., 2016,

Gurdasani et al., 2019). The African Genome Resource is a promising panel for SSA
datasets based on size, geographic region, and representation of African individuals
(Sengupta et al., 2023).

1.7.5. Techniques and software for calculating PGS
Various techniques such as clumping (LD adjustment), beta shrinkage, and P value

thresholding are used to calculate a PGS using external summary statistics and genotypes.
Since all SNPs do not influence the trait or phenotype and SNP effects are not determined
with certainty, using SNPs with unadjusted effect size estimates in a PGS could result in an
estimate score with high standard error (Choi et al., 2020). Two shrinkage approaches have
been created to address this issue: (i) effect size shrinkage of all SNPs, and (ii) P value
thresholding (Choi et al., 2020). The effect estimates shrinkage of all SNPs are performed
using conventional or custom statistical approached including Least Absolute Shrinkage
and Selection Operator (LASSO) or ridge regression, or Bayesian techniques that perform
shrinkage using prior distribution specification (Mak et al., 2017, Ge et al., 2019). In the P
value thresholding approach, SNPs with a P value below a specific threshold from a
GWAS (e.g. P < 1x10) are selected to be incorporated in the PGS, resulting in shrinking
all SNPs that are excluded to an effect size estimate of zero and not shrinking any of the
included SNPs (Purcell et al., 2009, Euesden et al., 2015). There are two options for LD
adjustment: the first is LD-driven clumping, which involves retaining SNPs with a weak
correlation with each other (a clump comprises of all SNPs within 250 kb of the index
SNP), therefore, their effects can be aggregated. The second option is inclusion of all SNPs
and considering LD between the SNPs (Choi et al., 2020). The usual approach to
calculation of a PGS includes a combining LD-driven clumping with P value thresholding
(“C+T” method) (Choi et al., 2020).

Although there are various software programs that can be used to generate a PGS, PRSice-2
was used for this doctoral work. PRSice-2, is known for its innovative features and
improvements from earlier versions, and it ability to automate and simplify PGS analyses
for large data sets (Choi and O'Reilly, 2019). PRSice-2 uses the “C+T” standard approach
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to calculating a PGS and has a user-friendly interface which makes it widely accessible to

researchers from a various backgrounds (Choi and O'Reilly, 2019).

1.7.6. PGSs for kidney disease
Teumer et al. (2019) performed a large trans-ethnic meta-analysis study on 564,257

participants (Table 1.4) and examined the association between a PGS and CKD. A PGS
derived from 64 UACR associated-loci was significantly linked to CKD (P=5.0x10).
Additional analyses showed that this PGS was associated with an increased risk of HT (P=
2.4x10%1) and diabetes (P= 1.0x107%) (Teumer et al., 2019). A genome-wide PGS for
eGFR was developed and assessed for its association with incident CKD, kidney failure,
and acute kidney injury (AKI) in 8,866 individuals from the Atherosclerosis Risk in
Communities (ARIC) study (Yu et al., 2021). The PGS was significantly associated with all
outcomes of kidney disease: hazard ratios (HRs; 95% CI) were 1.33 (1.28-1.37), 1.18
(1.08-1.29), and 1.06 (1.01-1.11) for incident CKD, kidney failure, and AKI, respectively
(Yuetal., 2021).

A PGS for eGFR was examined for its association with adverse events (including overall
mortality) in 4,873 European ancestry individuals from German Chronic Kidney Disease
study with CKD (Steinbrenner et al., 2022). A high PGS corresponded to an increased
genetic risk for lower eGFR, and associated with increased risk of mortality (HR; 95% CI:
1.12; 1.04-1.22) (Steinbrenner et al., 2022). In a more recent study, 11,813 healthy elderly
participants from the Australian ASPREE trial were genotyped and a PGS was developed
for eGFR (Bakshi et al., 2023). The PGS was associated with a 3.9 mL/min/1.73m? (95%
Cl: —4.17 to —3.68) decrease in eGFR per standard deviation (SD) increase of the PGS, and
also associated with increased risk for CKD stage 3 (OR, 1.75; 95% CI: 1.66-1.85) (Bakshi
etal., 2023).

1.8. Proteomic approaches and examples

1.8.1. Urine as a source of proteins and extraction by precipitation
The proteome is the complete set of proteins in a cell, tissue or organism at a specific time

(Chandramouli and Qian, 2009). Proteomics is the study and characterisation of the
function and structure of the complete set of proteins present in a cell to understand the

expression of proteins, protein-protein interactions and post-translational alterations

Page | 25



(Chandramouli and Qian, 2009, Al-Amrani et al., 2021, Aslam et al., 2017). A biomarker is
an objective measure that is used to denote usual biological processes, pathogenic
processes, or the effect of drug responses (Califf, 2018). Urine has become one of the
leading biological samples in proteomic analyses because it can be easily collected and is
relatively stable in comparison to other biological samples (Barratt and Topham, 2007, Lin
et al., 2018). Urine contains a range of components from low molecular weight peptides
and metabolites to large complexes such as exosomes, extracellular vesicles, and nucleic
acids (Lin et al., 2018, Hildonen et al., 2016).

Proteins can be obtained from fresh or frozen urine samples using numerous techniques,
that depends on the objective of the research (Shantaram, 2021). The urinary proteome is
dynamic in nature as it changes significantly over time (Kalantari et al., 2015). The
appropriate collection of urine samples is important to prevent contamination or
deterioration of urine components (Delanghe and Speeckaert, 2014). Therefore, urine need
to be collected and stored in manner that preserves it components to allow for downstream

analysis (Bosschieter et al., 2018).

Proteomic analyses require reliable sample preparation, in which the sample contains a high
protein concentration that is free from other components such as salt and nucleic acids
(Antonioli et al., 2009, Shantaram, 2021). There are a wide range of approaches that can be
used to effectively isolate proteins from biological samples. However, precipitation
techniques are the most commonly used process to concentrate and fractionate protein from
biological fluids such as urine (Shantaram, 2021). Studies comparing different precipitation
methods have shown that acetone precipitation generated better results including greater
protein recoveries, in comparison to other precipitation methods (Shantaram, 2021, Jiang et
al., 2004, Saito et al., 2019). This is likely due to the ability of acetone to remove
components such as salts, lipids, and pigments that hinder proteomic analyses (Rastegari et
al., 2011).

1.8.2. Protein clean up and digestion
Proteomic approaches often require the digestion of complex protein molecules into

peptides, that are readily analysed by CE/liquid chromatography (LC) coupled with MS
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(Tanca et al., 2013). The ability to effectively solubilise and subsequently identify how
much proteins are in a particular sample is the main requirement for most proteomic studies
(Tanca et al., 2013). There are various methods for urine processing including the 96DRA-
Urine, on-membrane protein capture (MStern Blot), and filter-aided sample preparation
methods (Tang et al., 2022, Dupree et al., 2020, Saito et al., 2019). However, these current
approaches are limited by their ability to analyse larger sample sizes due to constraints
generated by stages including precipitation, centrifugation, and buffer exchange (Govender
etal., 2023).

Recently, a new approach has been created for the preparation and processing of urinary
samples (Govender et al., 2023). The method is called urine-Hydrophilic interaction liquid
chromatography (UHLC), and is based on direct, on-bead protein capture (from 100 L of
urine), clean-up, and protein digestion. The uHLC sample preparation workflow uses
standard sample collection practices in clinics or hospitals, is automated (can process up to
96 samples in a run), and can be easily executed in a MS laboratory (Govender et al.,

2023). The uHLC method is based on the previously established HILIC-based workflow for
tissue and plasma samples, and has been modified for human urine samples (Nweke et al.,
2020, Baichan et al., 2023). When compared against the established MStern Blot approach,

the uHLC workflow was more rapid and performed better (Govender et al., 2023).

1.8.3. Liquid chromatography—mass spectrometry (LC-MS) for

proteomic analysis
Proteomic studies usually involve high throughput MS-based strategies to identify and

quantify proteins in a sample (Cui et al., 2022). However, highly sensitive and effective MS
analysis of proteomic samples require suitable separations (Yu et al., 2023). MS in
combination with various separation and pre-fractionation approaches can be used to detect
and quantify proteins (Peng et al., 2018). For example, the standard approach for
proteomics research is two-dimensional polyacrylamide gel electrophoresis (2D-PAGE)
which separates mixtures of protein by the electrical charges and molecular weight.
However, this technique is laborious and inefficient, and not appropriate for large-scale
analyses (Cui et al., 2022). By comparison, LC or UHPLC has excellent separation

capacity, permitting continuous separation of a larger number of proteins that can be
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combined with MS for increased automation (Corbett et al., 2020, Cupp-Sutton and Wu,
2020).

In LC-MS-based proteomics, a sample solute that contains the specific analytes of interest
(peptides) are pushed through a stationary phase (chromatography column) by a mobile
phase (liquid phase) flowing through at high pressure (Clarke et al., 2014, Thomas et al.,
2022). The chemical interaction between the elements of the sample, the stationary and
mobiles phase influences the various migration rates through the chromatography column,
allowing separation of analytes of interest (Clarke et al., 2014). The effluent is then directed
to the mass spectrometer after elution from the chromatography column. In the mass
spectrometer system, the chromatography column effluent is nebulised, desolvated, and
ionised by an ionisation source creating charged particles (Clarke et al., 2014).
Electromagnetic fields are applied to these charged particles, allowing them to migrate

under high vacuum conditions through a series of mass analysers (Clarke et al., 2014).

Currently, the two main approaches for data acquisition to generate MS proteomic data are
data-independent acquisition (DIA) and data-dependent acquisition (DDA).(Hu et al.,
2016). The DIA approach includes fragmenting all peptides that are present in a sample,
while the DDA approach only fragments certain peptides created through the first cycle of
MS (Hu et al., 2016). DIA is superior over DDA for analysing complex proteomic samples
due to its many advantageous qualities (Guan et al., 2020). These include its capacity to
identify low-abundance peptides, increased specificity, and higher reproducibility (Guan et
al., 2020).

Recently, the use of proteomic techniques to detect biomarkers associated with early CKD
and disease mechanisms have gained a lot of interest. For example, the CE-MS approach
was used to create the CKD273 proteomic biomarker classifier that was able to differentiate
CKD cases and healthy controls, using urine samples from participants in Europe, America,
and Australia (Good et al., 2010). This classifier permits early detection of kidney disease,
that is more sensitive than albuminuria in predicting eGFR decline (Good et al., 2010). The
classifier included endogenous peptides from proteins such al-antitrypsin (A1AT), serum

albumin, fibrinogen alpha chain, collagen alpha-1 (1, 11, I1I) chain, collagen alpha-2 (1)
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chain, and uromodulin, all of which demonstrate significant changes in urine concentration
in several types of CKD, including those arising from diabetes and hypertension (Good et
al., 2010). Proteins such as A1AT and fibrinogen are typically involved in inflammation,
while collagen fragments and uromodulin are associated with extracellular matrix
remodelling and interstitial fibrosis or tubular atrophy, respectively. Uromodulin is
distinctly synthesised in the thick ascending limb epithelium of the kidney; reduced levels
of uromodulin likely reflect decreased tubular function indicating tubular injury (Roscioni
etal., 2013).

In a more recent study on 3,235 participants from the Chronic Renal Insufficiency Cohort
Study (comprising of African/African American, Asian/Pacific Islander/Native American,
Hispanic and non-Hispanic White participants), 100 circulating proteins were significantly
associated (after Bonferroni adjustment) with a decline in eGFR or kidney failure over 10
years (Dubin et al., 2023). Biological pathway analyses revealed significant associations
with pathways such as matrix metalloprotease inhibition, metabolic processes,
inflammation and fibrosis (Dubin et al., 2023). In another study on 229 CKD patients of
European and African ancestry, a combination of five proteins (neutrophil gelatinase-
associated lipocalin chemokine ligand 2, epidermal growth factor, transforming growth
factor alpha, and kidney injury molecule-1) improved the prediction of GFR decline
compared with albuminuria (Bienaimé et al., 2023). The mean area under the curve (AUC)
for these five proteins were 0.72 (95% CI: 0.652-0.795) (Bienaimé et al., 2023).

In a cross-sectional analysis of 956 White and Black participants from the North-West,
South Africa, eGFR was positively associated with the UMOD protein (P=0.002), and
negatively associated with the CKD273 classifier (P<0.001) (Degenaar et al., 2023).
Individuals with lower levels of eGFR were present in the upper 25th percentile of the
CKD273 classifier, indicating kidney dysfunction (Degenaar et al., 2023).

1.9. The African Research on Kidney Disease (ARK) Study
The African Research Kidney Disease (ARK) study is a cohort study of adults of self-

identified black ancestry from Bushbuckridge, Mpumalanga, South Africa (Fabian et al.,
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2022). The research of this thesis analysed DNA and urine samples from a subset of

participants from the South African cohort.

Participants aged 20—79 years and who were able to give informed consent were included
in the ARK study. Demographic factors included age, sex, employment and livelihood, and
place of residence. A comprehensive CKD risk questionnaire was used to assess medical
history and treatment for communicable and non-communicable diseases) such as HIV,
diabetes, HT, cardiovascular disease and CKD, as well as prior and existing use of
traditional medicines. Physical examination included height, weight, waist and hip
circumference, and calculation of BMI. Blood pressure was classified according to the 7%
Report of the Joint National Committee on Prevention, Detection, Evaluation, and
Treatment of High Blood Pressure (Chobanian et al., 2003). Blood pressure was measured
in triplicate and the average of the last two readings were defined as the true blood pressure
(Fabian et al., 2022). The isotope dilution mass spectrometry traceable Jaffe method was
used to measure serum and urine creatinine (Craik et al., 2023). GFR (ml/min/1.73 m?) was
determined using the 2009 CKD-EPI creatinine equation without adjustment for African
American ethnicity (George et al., 2019). Immunoturbidimetry was used to measure urine
albumin concentration (Craik et al., 2023). This aforementioned measurement was used to
calculate UACR (mg/mmol) (Craik et al., 2023). Individuals were screened twice to

confirm CKD diagnosis, at visit 1 and visit 2 that were approximately five months apart.

In the ARK study of 2,021 black adults, the WHO age-standardised prevalence for CKD
(defined as albuminuria and/or low eGFR) was 6.7% (95% CI: 5.4-7.9) (Fabian et al.,
2022). The prevalence for low eGFR (defined as <60ml/min/1.73m?) was 0.9% (95% CI:
0.4-1.4), and albuminuria (UACR >3.0mg/mmol) was 6.2% (95% CI: 5.0-7.4) (Fabian et
al., 2022).

1.10. The Africa Wits-INDEPTH partnership for Genomic Studies
(AWI-Gen)

AWI-Gen is a Collaborative Centre of the H3Africa Consortium that aims to understand
genomic and environmental factors influencing cardiometabolic diseases in African

populations (Ali et al., 2018, Ramsay et al., 2016). In this thesis, we used genetic data from
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the AWI-Gen study cohort as the discovery data set to compute PGSs for eGFR, UACR,
and albuminuria in CHAPTER 3.

The AWI-Gen cohort has participants aged between 40—60 years from AWI-Gen centres in
three different regions within Africa: West Africa (Nanoro and Navrongo) East Africa
(Nairobi), and South Africa (Agincourt, Dikgale and Soweto) (Ali et al., 2018, Ramsay et
al., 2016). In the AWI-Gen study on 10,702 black participants, the age-standardised
population prevalence for CKD was 10.7% (95% CI: 9.9-11.7) (George et al., 2019). The
prevalence for low eGFR was 2.4% (95% CI: 2.1-2.8), and albuminuria was 10.7%

(95% CI: 9.9-11.7) (George et al., 2019).

1.11. Study rationale, aims and objectives
CKD is a global public health issue, with high prevalence and mortality in low- and

middle-income countries in regions such as SSA. Genetic risk for CKD and the impact of
gene—environment interactions remain understudied in SSA and South Africa. Risk profiles
vary by region, with HT predominating as a risk factor in SSA. In SSA, resources are
scarce for treating individuals with CKD who progress to kidney failure, resulting in
fatality for untreated individuals. Hence, public health policy needs to focus on identifying
CKD early and implementing cost-effective and appropriate interventions to delay
progression, for example, advocating for the use of SGLT-2 inhibitors which have been
shown to improve kidney function in diabetic and CKD patients (Zoungas and de Boer,
2021).

1.11.1. Hypothesis
Genetic factors (taking into consideration HT, diabetes and HIV) and urinary proteomic

markers will be useful in determining a risk profile for CKD in a rural South African

setting.

1.11.2. Aim
To determine genetic risk for CKD (taking into account HT, diabetes and HIV), and to

compare urinary proteomic markers of those with combined HT and albuminuria, with

controls who have neither, in a South African rural setting.
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1.11.3. Objectives
The objectives were as follows:

1. Conduct a systematic review on the use of omics for diagnosing and predicting

progression of CKD (CHAPTER 2)

o Evaluate existing literature for potential biomarkers (apart from eGFR and
albuminuria) that could facilitate early detection of CKD, and predict its progression

2. Assess the predictive accuracy of PGS for CKD and kidney function markers in an

African setting (CHAPTER 3)

o Explore the ability of using summary statistics from three discovery datasets (two
from multi-ethnic GWAS studies and one was from a continental African GWAS
study) to develop and test the predictive power of a PGS for CKD and kidney
function markers in an African setting

3. Compare urinary proteomic profiles between cases (having both hypertension and

albuminuria) and controls (having neither condition) (CHAPTER 4)

o ldentify potential proteins and pathways involved in hypertension-associated
albuminuria by assessing urinary proteomic profiles in black South African
participants with combined hypertension and albuminuria compared to those who

have neither condition

1.12. Thesis outline
This PhD thesis follows the University of Witwatersrand, Faculty of Health Sciences,

guidelines in the ‘divided block’ format. This format comprises a detailed background
(CHAPTER 1), followed by 3 blocks, each written as a chapter and/or in the format of a
paper (1. Systematic review on the omics and CKD [published, CHAPTER 2]; 2. Genetic
study of PGS [CHAPTER 3] and 3. Proteomics study [published, CHAPTER 4]), followed
by a final chapter on an integrated discussion and main conclusions (CHAPTER 5).

1.13. Ethical Considerations
This study was approved by the Human Research Ethics Committee (HREC) (Medical) of

the University of the Witwatersrand (clearance certificate number: M200331). This was a
sub-study to the ARK study (clearance certificate number: M170583). AWI-Gen GWAS
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data were used in accordance with the H3Africa policies and guidelines

(www.h3africa.org) (See Appendix A.4 Ethics Approval Certificate).
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CHAPTER 2

2. THE USE OF 'OMICS FOR DIAGNOSING AND
PREDICTING PROGRESSION OF CHRONIC KIDNEY
DISEASE: A SCOPING REVIEW

This work was raised as a paper publication (Govender et al., 2021). This review was

published in the journal Frontiers in Genetics in 2021.

2.1. Abstract
Globally, chronic kidney disease (CKD) is an emerging public health problem. Various

‘omics platforms have been used to provide insights into the molecular basis of kidney
dysfunction. This scoping review is a synthesis of the current literature on the use of
different ‘omics platforms to identify pathophysiological processes leading to CKD and to
detect biomarkers that could be used to detect early-stage CKD and predict disease
progression. This review was conducted according to the Preferred Reporting Items for
Systematic reviews and Meta-Analyses extension for Scoping Reviews protocol. Seventy-
six studies published from January 2007 to May 2020 were included following a structured
selection process. The proteomic approach was the most common ‘omic platform (n=41),
followed by metabolomics (n=22), genomics (n=5), epigenomics (n=3), transcriptomics
(n=2) and three studies used a combination of ‘omics platforms. The majority of studies
(n=58) reported on CKD associated with diabetes mellitus. Fourteen studies that provided
information on the pathogenic mechanisms of CKD and biomarkers that play a role in early
detection are discussed. These biomarkers were mainly used to detect CKD and predict
progression in European populations, highlighting the need for ‘omics research in African
populations since disease etiologies may differ across ethnic groups. To assess the

transferability of findings, it is essential to do research in diverse populations.

Keywords: CKD, ‘omics, biomarkers, early detection, diagnosis
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2.2. Introduction
The global prevalence of chronic kidney disease (CKD) is estimated to be 13.4%, and

thought to be higher in low- and middle-income settings, such as sub-Saharan Africa (SSA)
(15.8%) (Hill et al., 2016, Kaze et al., 2018). End stage kidney disease (ESKD) is the most
severe stage of CKD, at which point the damage is irreversible and support in the form of
chronic dialysis or a kidney transplant is required to sustain life. Major risk factors for CKD
vary by setting, with hypertension (HT) being the most common in east Asia, tropical Latin
America, and Western and Southern SSA, whereas diabetes predominates as a risk factor in
the remaining regions of the world (Bikbov et al., 2020). Endemic and other infectious
diseases, for example schistosomiasis, malaria, and human immunodeficiency virus (HIV)
still contribute substantial additional risk for CKD in high prevalence countries (Couser et
al., 2011, Ekrikpo et al., 2018). The diagnosis of CKD is currently based on estimated
glomerular filtration rate (eGFR) and/or albuminuria (Levey et al., 2002). However, low
GFR defined as eGFR<60 ml/min/1.73 m?, is a relatively late marker of kidney disease, as
organ damage may precede functional changes such as filtration impairment. Even though
albuminuria is suggested to be an early marker of kidney disease, kidney disease may still
progress despite the absence of albuminuria (Miller et al., 2009). Thus, there is a need for
alternative markers of kidney disease that identify early disease and predict risk for
progression. Such markers would enable interventions to prevent or slow progression of
CKD, which is particularly relevant in resource-limited settings where access to kidney

replacement therapy for ESKD remains severely restricted.

‘Omics technologies refer to collective analyses of cell populations, tissues, organs or the
whole organism at the molecular level (Horgan and Kenny, 2011). In the last decade, there
have been significant advances in use of ‘omics platforms to investigate susceptibility to,
and detection of CKD, and related risk factors (Abbiss et al., 2019, Cafiadas-Garre et al.,
2019, Good et al., 2010). Omics technologies permit high-throughput, comprehensive
exploration of the genome (DNA sequence), epigenome (epigenetic modifications),
proteome (proteins), transcriptome (transcribed RNA) and metabolome (metabolites),
through a wide range of platforms including next-generation sequencing, protein and
MRNA arrays and mass spectrometry (Papadopoulos et al., 2016). The past decade has seen

significant advances in genome-wide association studies (GWAS) for CKD and kidney
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function traits, with study sample sizes increasing from >100,000 to 1,000,000 facilitating
the identification of >250 genetic loci robustly associated with CKD in different ethnic
groups (Tin and Kottgen, 2020). Proteomic approaches to identify urinary biomarkers for
early detection and prediction of progression of CKD are also on the rise, attractive (in part)
for their non-invasive use in clinical settings (Mischak et al., 2010). For example, capillary
electrophoresis coupled with mass spectrometry (CE-MS) has been used to develop a
proteome-based urine biomarker panel of 273 peptides with profiles that differed
significantly between individuals with CKD and healthy controls (Good et al., 2010). These
peptides were combined to develop a single score known as the CKD273 risk score (Good
et al., 2010). Previous studies defined a CKD273 risk score cut-off of 0.343 to predict
diabetic nephropathy (DN) (Alkhalaf et al., 2010). This threshold was lowered to 0.154 to
accommodate the early detection of CKD (Lindhardt et al., 2016).

The overall aim of this scoping review was to evaluate existing literature for potential
biomarkers—aside from those currently used, namely eGFR and albuminuria—that might
facilitate early detection of CKD, and predict its progression. The specific objectives were
to 1) describe potential biomarkers identified through different ‘omics platforms (genomics,
proteomics, metabolomic, transcriptomics and epigenomics) that are associated with CKD,
and 2) to explore potential pathways involved in CKD that could inform novel treatment
strategies for CKD. This is pertinent for developing affordable diagnostic, prevention, and
therapeutic strategies for countries with high prevalence of CKD and limited resources,

such as are found in SSA.

2.3. Methods

2.3.1. Protocol and registration
This review was conducted using the Preferred Reporting Items for Systematic reviews and

Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) approach (de Oliveira,
2018). The background and methods were documented in a protocol in the Open Science
Framework (OSF) database (Do0i:10.17605/ OSF.I0/QM64P, https://osf.io/sw8ne/).

2.3.2. Search Strategy
Relevant studies published from January 2007 to 18 May 2021 (Search date: 18 May 2021)

were identified through a comprehensive search of electronic databases including Embase,
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Web of Science, PubMed, SCOPUS and African Index Medicus. The electronic database
search was conducted using medical subject heading (MeSH) terms, keywords pertinent

to the topic, and Boolean operators such as AND/OR to obtain the maximum number of
studies (Table 2.1).

Table 2.1: Search strategy used in database searches

Search Search query

no.

“chronic kidney disease” OR “CKD” OR “GFR” OR “glomerular filtration rate”
OR “nephropathy” OR “‘serum creatinine” OR “urinary albumin” OR “ACR” OR

#1 - : — . . -
“albumin creatinine ratio” OR “albuminuria” OR “urinary albumin creatinine
ratio” OR “UACR” OR “proteinuria” OR “protein creatinine ratio” OR “urinary
protein creatinine ratio” OR “UPCR”

#2 “diabetes” OR “hypertension” OR “infection” OR “infectious disease” OR “HIV”
OR “human immunodeficiency virus” OR “malaria” OR “schistosomiasis” OR
“cytomegalovirus” OR “CMV” OR “JC virus” OR “John Cunningham virus” OR
“polyoma virus” OR “tuberculosis” OR “TB” OR “hepatitis B virus” OR “hepatitis
C virus”

#3 “genomic” OR “metabolomic” OR “proteomic” OR “transcriptomic” OR
“epigenomic”

#4 1# AND #2 AND #3

2.3.3. Screening and eligibility criteria
Database search records were combined and all duplicate records removed. One

investigator (MG) screened all records by title and abstract for inclusion, and articles with

irrelevant topics were excluded. Investigators (J-TB and JF) independently screened

records by title and abstract for verification. Any inconsistencies or disagreements were

resolved by review with investigator MR. This was followed by screening full-text articles
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according to the eligibility criteria. The main inclusion criterion was that a study had to be
an original study containing ‘omics data used to detect CKD and related risk factors. The
studies had to report on the characteristics of the study population, type of ‘omics technique
used, CKD or kidney function traits, relevant risk factors (defined in Table 2.2), and
potential biomarker or indicator of early detection of CKD and prediction of progression
(methylation profile, genes/genetic variants, transcripts, proteins and/or metabolites). Since
the first large GWAS was conducted in 2007 (Craddock and Jones, 2007), we chose to
include only studies published from January 2007 to May 2021. The age limit was
restricted to participants 18 years and older and only studies published in English were
included. Studies were excluded if the study was a review, meta-analysis, conference
abstract or presentation, book chapter or response to treatment. Studies involving animals
and paediatric participants were also excluded. The reasons for excluding each article were

recorded.

Table 2.2: Classification of CKD

Class Definition
Normal Kidney function UACR <30 mg/g and GFR>60 mL/ min/1.73 m?
Microalbuminuria UACR 30-300 mg/g
Macroalbuminuria UACR >300 mg/g
CKD stage 1 and 2 eGFR >60 ml/min per 1.73 m?
CKD stage 3 eGFR <60 ml/min per 1.73 m?
CKD stage 4 and 5 eGFR <30 ml/min per 1.73 m?
ESKD eGFR <15 ml/min per 1.73 m?

CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate; ESKD, end stage
kidney disease; UACR, urine albumin-to-creatinine ratio.

2.3.4. Data extraction
A data extraction sheet was created on Microsoft Excel (version 16.42, available at:

https://office.microsoft.com/excel) to ensure all relevant data were extracted. Data
extraction was performed by MG, and any discrepancies were resolved by J-TB, JF and
MR. Data extracted for each article included the digital object identifier (DOI), name of
first author, year of publication and title, participant/population characteristics (sample size,
ethnicity, stage of CKD, presence of risk factors and/or infections), type of ‘omics

technology, ‘omics technique, biological sample and potential biomarkers (genes, variants,
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miRNAs, mMRNAs, proteins, and peptides) associated with early detection of CKD and
prediction of progression. As PRISMA-ScR guidelines recommend, we conducted a

qualitative synthesis to summarise the main components of the CKD ‘omics field.

2.4. Results
The database searches identified 4,793 articles, of which 1,291 were duplicates. Through

title and abstract screening, we excluded 3,351 articles mainly due to the following reasons:
irrelevant topic, year of publication outside the period for this review, and animal studies. A
further 28 articles were excluded after assessing the full-text and applying the eligibility
criteria. Thus, one hundred and twenty-three full-text articles were included in this review

(Figure 2.1, see Appendix B.1 List of 123 articles).

5 Records identified though database
'E; searches (n=4,793)
‘.::_’ African Index Medicus (n=0)
= Embase (n=3,483)
5 PubMed (n=454)
o Scopus (n=509)
Web of Science (n=347)
‘-=i Duplicate records removed (n=1,291)
[=T4]
= Records screened by title and abstract Records removed by title and abstract (n= 3,351)
5 (n=3,502) Animal study (n=204)
Q Book chapter (n=16)
(% Commentary (n=3)
Conference abstract or presentation (n=172)
N Irrelevant topic (n=2,435)
Meta-analysis (n=10)
Study protocol (n=10)
B. Review (n=172)
— Study involving paediatric participants (n=42)
= Full text articles screened for eligibility Year of publication (n=287)
20 (n=151)
w
Full text articles removed (n=28)
» Articles not found (n=25)
E Irrelevant topic (n=3)
o
3 :
c ‘ Articles included in scoping review (n=123) ‘

Figure 2.1: Article selection process according to PRISMA-ScR guidelines
PRISMA-ScR, Preferred Reporting Items for Systematic reviews and Meta-Analyses extension
for Scoping Reviews.
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2.4.1. Participant and study characteristics
The participant and study characteristics of all studies (n=123) included in this scoping

review are shown in Table 2.3. There was an increase in publications from 2015. Majority
of studies (28.5%) had sample sizes greater than 500. Most of the participants (42.3%) were
between 51 and 60 years of age. Most of the most common ethnic group represented was
European ancestry (15.4%), followed by Asian (12.2%), African ancestry (6.5%),

Indian (3.3%), and studies reporting on multiple ethnicities (10.6%). It is important to note
that ethnicity was not reported in over half of the studies (52.0%). Of eight studies

that included participants of self-reported African ethnicity, only one included African
individuals residing in Africa (Chen et al., 2007).

Table 2.3: Participant and study characteristics

Characteristic Number of studies, n (%)
Year of publication
2007-2010 22 (17.9)
2011-2015 28 (22.8)
2016-May 2021 73 (59.3)
Number of participants per study
1-10 2 (2.6)
11-50 22 (17.9)
51-100 20 (16.3)
101-200 26 (21.1)
201-500 18 (14.6)
>500 35 (28.5)
Mean age of participants
18-30 years 0
31-40 years 11 (8.9)
41-50 years 11 (8.9)
51-60 years 52 (42.3)
61-70 years 32 (26.1)
>70 years 2 (1.6)
Unknown 15 (12.2)
Sex
Males only 5(4.0)
Females only 0
Both 98 (79.7)
Not stated 20 (16.3)
Participant ethnicity
Asian only 15 (12.2)
African ancestry only 8 (6.5)
European ancestry only 19 (15.4)
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Indian only 4 (3.3)
Studies including multiple ethnicities (European 13 (10.6)
ancestry, African ancestry, Hispanic, Indian and

Asian)

Unknown 64 (52.0)

2.4.2. Omics’ platforms and techniques
We reported on five different ‘omics technologies including genomic, epigenomic,

proteomic, metabolomic and transcriptomic (Table 2.4). The proteomic approach was the
most common ‘omics platform (n=53), followed by metabolomics (n=30), genomics
(n=17), epigenomics (n=10), transcriptomics (n=5) and eight studies used a combination of
‘omics platforms. A wide range of techniques were used to analyse the ‘omics data (Table
2.4). Genomic analysis was mainly performed by arrays including Illumina’s High-
throughput Bead array, Human Core Exome Bead array, HumanHap550-Duo Bead Chip
and Omni Express Exome array. Proteomic analysis was mainly done by liquid
chromatography coupled with mass spectrometry (LC-MS) and CE-MS. Gas
chromatography-mass spectrometry (GC-MS) and LCMS were important analytical
techniques for metabolomic analysis. Methylation arrays (including Illumina’s Infinium 27,
450 and 850K methylation arrays) were key for epigenomic analysis and transcriptomic

analysis was mainly performed by RNA sequencing.

Table 2.4: The different ‘omics technologies and techniques reported in this scoping
review for detection of CKD and associated risk in 123 studies

Characteristic Number of studies,
n (%)

Genomic

Affymetrix 370K and 500k arrays
Illumina High-throughput Bead array
Illumina HumanCoreExome Bead array

[llumina’s IV panel

[lumina OmniExpressExome array

Panel of 372 autosomal short tandem repeat markers
Variety of GWAS arrays

Illumina HumanHap550-Duo BeadChip 17 (13.8)

Epigenomic

Illumina Infinium HumanMethylation450 Beadchip

IHlumina Infinium MethylationEPIC BeadChip (HM850K)

Reverse phase high pressure liquid chromatography (RP-HPLC) analysis and
bisulfite sequencing

[llumina Infinium 27K methylation array 10 (8.1)
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SuperTAG methylation-specific digital karyotyping

Proteomic

1 and 2-dimensional gel electrophoresis (1 and 2DE) and mass spectrometry (MS)
Capillary electrophoresis coupled with mass spectrometry (CE-MS)
Fluorescence two-dimensional (2-D) differential in-gel electrophoresis (DIGE)
Isobaric tag for relative and absolute quantitation iTRAQ MS

Liquid chromatography coupled with mass spectrometry (LC-MS)
Matrix-assisted laser desorption/ionization mass spectrometry (MALDI-MS)
Olink cardiovascular panel

Protein chip arrays

Proximity Extension Assay (PEA)

Surface-enhanced laser desorption/ionization mass spectrometry (SELDI-MS)

53 (43.1)

Metabolomic
Commercial kits
CE-MS _ 30 (24.4)
Gas chromatography coupled with mass spectroscopy (GC-MS)
LC-MS

Nuclear magnetic resonance (NMR)

Transcriptomic
GeneChip human genome series U133A and Plus 2.0 Array 5(4.1)
RNA sequencing

Genomic and metabolomic

Infinium Multi-Ethnic Global BeadChip array 2(1.6)
Exome BeadChip array

LC-MS

Genomic and epigenomic 1(0.8)

Illumina Human MethylationEPIC BeadChip

Proteomic and metabolomic
ELISA Assays 2(1.6)
LC-MS

SOMASscan

Transcriptomic and epigenomic
[llumina 450K methylation array 1(0.8)
RNA sequencing

Transcriptomic and metabolomic 2(1.6)
Affymetrix transcriptomics arrays
NMR

2.4.3. CKD risk categories
The most common risk factors associated with CKD were diabetes mellitus (DM) (either

type 1 diabetes, type 2 diabetes or both) (n=91), followed by hypertension (n=4),
cardiovascular disease (n=2), and infection (HIV) (n=2). Sixteen studies reported on more

than one risk factor and eight studies did not report on any risk factors (Figure 2.2).
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Figure 2.2: Bar graph showing number of papers with each of the comorbidities
associated with CKD
CKD, chronic kidney disease, NCD, non-communicable dsease

2.4.4. CKD risk categories

Whilst it was not feasible to discuss each biomarker identified for each study across all ‘omics
platforms, a list of selected studies that identified biomarkers/indicators involved in risk,
early detection and prediction of progression, and those that explored potential disease
pathways are shown in Table 2.5.

2.4.4.1. Genetic variants associated with risk for CKD
The genes implicated in risk for CKD were non-muscle myosin heavy chain 9

(MYHO9)/apolipoprotein L1 (APOL1) and uromodulin (UMOD). Kao et al. (2008) performed
a genome-wide admixture scan in 2,178 individuals with European and African ancestry.
They identified three SNPs (rs16996674, rs16996677, and rs5756152) in the MYH9 gene that

were associated with a ~3 times greater risk of nondiabetic ESKD in African Americans
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compared to European Americans. Similarly, Shlush et al. (2010) identified two SNPs
(rs7286127 and rs5756133) associated with nondiabetic ESKD on chromosome 22 in the
region that contains the MYH9 gene, as well as the neighbouring APOL1 gene. In addition,
Igo Jr et al. (2011) identified one SNP (rs5769116) 10 Mb distal to MYH9/APOLL1 that was
associated with DN. Morris et al. (2019) performed an association study of eGFR, a measure
of kidney function, in 312,468 individuals of diverse ancestry. They identified a highly
significant SNP (rs77924615; P=1.5x10%) in the UMOD gene associated with eGFR.

2.4.4.2. Biomarkers associated with early detection of CKD
The proteomic CKD273 biomarker panel and metabolite pantothenic acid (PA) could

potentially play a role in the early detection of CKD. Three proteomic studies by Siwy et al.
(2014), @vrehus et al. (2015), and Lindhardt et al. (2017) assessed the ability of a proteomic
CKD273 biomarker panel to predict DN with diagnostic accuracy, measured as area under
receiver operating characteristic curve, ranging from 0.84 to 1.0. All three proteomic studies
used the CE-MS approach with sample sizes ranging from 35 to 737. In addition, Gonzalez-
Calero et al. (2016) identified the metabolite PA as a potential predictor of albuminuria

development in 118 hypertensive patients.

2.4.4.3. Biomarkers associated with progression of CKD
The proteomic CKD273 biomarker panel, metabolite PA, and methylation probe cg17944885

were suggested to be involved in progression of CKD. Two proteomic studies, Roscioni et
al. (2013) and Tofte et al. (2020) found that a high CKD273 risk score was able to predict
progression of microalbuminuria with an odds ratio (OR) of 1.35 and P value of <1.0x10*,
respectively. In addition to the metabolite PA being a potential predictor of albuminuria
development in hypertensive patients, it was also associated with DN progression (P=5.0x10"
%) (Ma et al., 2020). Lecamwasam et al. (2020) compared methylation profiles between early
and late stages of DN. They found that the methylation probe cg17944885 was associated
with progressive renal dysfunction (P=0.01 after adjustment for multiple testing).

2.4.4.4. Biomarkers exploring potential disease pathways
Genes of the retinoic acid pathway, UMOD and the metabolite PA provided insight into

potential pathways involved in CKD. UMOD was specifically expressed in epithelial cells

of the ascending loop of Henle in the kidney. This points to the role of UMOD in kidney
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physiology (Morris et al., 2019). Genes of the retinoic acid pathway are essential for retinoic
acid (RA) synthesis and impairment of RA synthesis leads to progression of kidney disease
(Li et al., 2014). Pathway analysis of PA revealed that altered PA synthesis and PA-related
metabolism could lead to DN (Ma et al., 2020).
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Table 2.5: Studies that identified biomarkers/indicators for early detection of CKD, prediction of CKD progression, and disease

pathways
Author | Type of ‘omic ‘Omic Sample | Biomarker/indicator of Effect estimate Clinical What does the
and year platform technique size disease OR/P value phenotype/outc | biomarker inform
ome on?
(Kao et Genomic 1,354 SNP 2,178 rs16996674 (MYH9)
al., 2008) panel 3.10
rs16996677 (MYH9) Non-diabetic Susceptibility/risk
3.03 ESKD
rs5756152 (MYH9)
2.59
(Shlush et Genomic 2,016 SNP 833 rs7286127 (chromosome <103 Non-diabetic
al., 2010) panel 22) B ESKD Susceptibility/risk
rs5756133 (chromosome <1073
22)
(Igo Jr et Genomic llumina IV 3,972 rs5769116 (10 Mb distal to 1.5x10°® DN
al., 2011) panel of MYH9/APOL1) Susceptibility/risk
5,500 SNPs
(Morris et Genomic A variety of | 312468 rs77924615 (UMOD) 1.5x10% CKD
al., 2019) GWAS
arrays Susceptibility/risk
/disease pathway
(Fan et Transcriptomic RNA- 37 RDHS8 0.02 DN
al., 2020) sequencing
RDH12 0.03 Disease pathway
RBP4 0.03
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(Dvrehus Proteomic CE-MS 35 CKD273 AUC of 0.977* DN and Early detection
etal., Hypertension
2015) associated kidney
disease
(Siwy et Proteomic CE-MS 165 CKD273 AUC of 0.95 to 1.0* DN
al., 2014) <0.05 Early detection
(Lindhard Proteomic CE-MS 737 CKD273 AUC of 0.84* DN
tetal, <1.0x10* Early detection
2017)
(Roscioni Proteomic CE-MS 88 CKD273 1.35 DN Progression
etal.,
2013)
(Tofte et Proteomic CE-MS 1,775 CKD273 <1.0x10* DN Progression
al., 2020)
(Gonzalez | Metabolomic Nuclear 118 Pantothenate <1.0x10* Hypertension Early detection
-Calero et magnetic associated kidney
al., 2016) resonance disease
(NMR)

(Maetal., | Metabolomic Liquid 68 Pantothenate 5.0x10® DN Progression/ disease
2020) chromatogra pathway

phy-mass

spectrometry
(Lecamw Epigenomic Illumina 119 €g17944885 0.01 DN Progression
asam et Infinium
al., 2020) Methylation
EPIC
BeadChip

*Diagnostic accuracy measured as area under receiver operating characteristic curve.

CKD, chronic kidney disease; DN, diabetic nephropathy ; ESKD, end stage kidney disease; OR, odds ratio.
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2.5. Discussion
In this scoping review the first objective was to identify studies on potential biomarkers

associated with CKD. The biomarkers that were most commonly associated with risk or
early detection of CKD are genes and genetic variants in chromosomes 16 and 22 (Kao et
al., 2008, Shlush et al., 2010, Igo Jr et al., 2011, Liao et al., 2014, Taira et al., 2018, Morris
etal., 2019), the CKD273 biomarker panel (consisting of proteins such as collagen
fragments, uromodulin [UMOD], a-1-antitrypsin, transthyretin and 3-2-microglobulin)
(Lindhardt et al., 2017, @vrehus et al., 2015, Siwy et al., 2014), and the metabolite PA (also
known as pantothenate or vitamin B5) (Gonzalez-Calero et al., 2016). Majority of these
potential biomarkers are exploratory, having been identified in small discovery studies and

have not been validated, with the exception of the CKD273 biomarker panel.

It is well known from studies in the USA that individuals with African ancestry are at
greater risk for developing incident CKD and progressing to ESKD, than other population
groups (Tarver-Carr et al., 2002, Perneger et al., 1995, Saran et al., 2020). Much of this risk
was attributed to genetic variants in the MYH9/APOL1 gene region on chromosome 22 that
were strongly associated with non-diabetic ESKD (Kao et al., 2008, Shlush et al., 2010).
The MYH9 and APOL1 genes are tightly linked on chromosome 22, and fine mapping
studies revealed that the risk variants were actually in the APOL1 gene and not in the
MYH9 gene, as originally thought (Tzur et al., 2010, Genovese et al., 2010). Zhang et al.
(2016) developed and validated an APOL1 genotyping assay as a precision medicine
genetic test for non-diabetic CKD risk prediction (Zhang et al., 2016). There are still
ongoing clinical trials (http://www.clinicaltrials.gov; identifiers NCT02234063,
NCT04191824 and NCT04910867), assessing the clinical utility of APOL1 genetic testing.
Implementation of an APOL1 genotyping assay in a clinical setting could lead to a cost-
effective screening program for African Americans who at high risk for developing CKD
and progressing to ESKD.

Studies have suggested the uromodulin (UMOD) gene located on chromosome 16 as a
candidate gene for CKD (Kottgen et al., 2009, Kottgen et al., 2010, Pattaro et al., 2016).
Not only does it have a large effect on eGFR decline and CKD risk, the consistency of the
effect is seen across different ethnicities (Devuyst et al., 2017). Morris et al. (2019)
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identified rs77924615 (P=1.5x10°%), located in UMOD, as the main variant driving eGFR
association. This variant was associated with decreased eGFR and increased UMOD

expression (Morris et al., 2019).

Due to the multifactorial nature of CKD, a combination approach of several biomarkers is
likely to be more predictive than a single biomarker. Compared to currently available
markers such reduced eGFR and albuminuria, the CKD273 biomarker panel enables more
accurate diagnosis and earlier detection of CKD. For example, in one study, CKD273
enabled detection of CKD with 95% sensitivity, 100% specificity and an excellent
diagnostic accuracy of 0.977 (95% confidence interval (CI) 0.930-1.000) (@vrehus et al.,
2015). In another study, CKD273 had the ability to detect DN in individuals with type 2
diabetes, with diagnostic accuracy ranging from 0.95 to 1.0 across 9 study sites (Siwy et al.,
2014). This same biomarker panel was able to predict the development of
microalbuminuria in normoalbuminuric type 2 diabetic patients, with a diagnostic accuracy
of 0.79 (95% CI1 0.75-0.84; P<1.0x10*) (Lindhardt et al., 2017). The CKD273 biomarker
panel includes clinically relevant proteins such as uromodulin and B-2-microglobulin,
which are suggested to be markers of early renal damage (Torffvit et al., 1999, Torffvit and
Agardh, 1993, Schlatzer et al., 2012, Alaje Abiodun et al., Zeng et al., 2014). These
findings demonstrate the utility of CKD273 in early non-invasive renal risk assessment and
may help to prevent unnecessary biopsies. While CKD273 has been validated for DN, its
utility for hypertension-associated CKD is yet to be established. The CKD273 biomarker
can assist clinicians in decision-making for more frequent check-ups in high-risk patients
and guide therapeutic options to prevent long-term chronic conditions. Although the
CKD273 biomarker panel has been supported by the FDA
(https://www.fda.gov/files/drugs/published/Biomarker-L etter-of-Support Mischak.pdf), its

utility has yet to be established in African populations and the African diaspora.
Furthermore, the current cost of screening using the CKD273 biomarker panel is €3,053 per

patient making it unaffordable in resource-poor settings like SSA (Critselis et al., 2018).

CKD273, PA, and methylation probe cg17944885 are suggested to be potential biomarkers
associated with CKD progression. In addition to PA being used to predict albuminuria in

hypertensive normoalbuminuric patients, it is suggested to be a promising biomarker for

Page | 49


https://www.fda.gov/files/drugs/published/Biomarker-Letter-of-Support_Mischak.pdf

predicting diabetes induced kidney impairment (Ma et al., 2020, Gonzalez-Calero et al.,
2016). Methylation marker cg17944885 showed an increasing gradient of methylation with
progressive renal dysfunction (Lecamwasam et al., 2020). A high CKD273 risk score was
independently associated with faster progression of albuminuria in two separate studies
(Tofte et al., 2020, Roscioni et al., 2013). The ability to identify individuals at high-risk for
progression has important clinical implications. For those patients at a high-risk for
progression, it is suggested that blood pressure be controlled to less than 130/80 mmHg in
hypertensive patients. There are many therapeutic options to control blood pressure
including angiotensin-converting enzyme (ACE) inhibitors, angiotensin-receptor blockers
(ARBs) or a combination of ACE inhibitors or ARBs with a diuretic (Nguyen et al., 2010).
Meanwhile, management of glucose and lipid levels are also suggested to delay the

development of chronic complications in DN patients.

The second objective of the scoping review was to explore potential pathways involved in
CKD. Using expression quantitative trait loci (eQTL) analysis, UMOD expression was
mapped to epithelial cells lining the thick ascending limb of the loop of Henle (Morris et
al., 2019). Studies on transgenic mice suggested that overexpression of UMOD causes
abnormal activation of the sodium-potassium-chloride transporter (NKCC2) involved in
sodium chloride (NaCl) reabsorption by the thick ascending limb segment, leading to salt-
sensitive hypertension and renal lesions (Trudu et al., 2013). Mice treated with a single
dose of furosemide, a diuretic that targets NKCC2, exhibited a significant reduction in
blood pressure (Trudu et al., 2013). This finding suggests that NKCC2 is a potential target
for hypertension-induced CKD intervention.

Fan et al. (2020) compared gene expression profiles in three groups; controls, early DN and
advanced DN) (Fan et al., 2020). They identified genes of the retinoic acid pathway
(including retinol dehydrogenase 8 (RDHS8), retinol dehydrogenase 12 (RDH12), and retinol
binding protein 4 (RBP4)) with increased expression in early DN but decreased expression
in advanced DN. These findings suggest that RA might have kidney protective effects in
the early stage of DN that slow the progression to advanced DN. A previous study
suggested that downregulation of enzymes (retinol dehydrogenase 9 (RDH9) and retinol

dehydrogenase 1 (RDHL1)) essential for RA synthesis causes impaired local synthesis of RA

Page | 50



in the kidney that contributes to the progression of kidney disease (Li et al., 2014). These
results point to restoration of retinoic acid synthesis as a potential therapy to slow the
progression of kidney disease. There is an ongoing clinical trial assessing the efficacy of
RA isotretinoin for treatment of various podocyte diseases including collapsing

glomerulopathy (http://www.clinicaltrials.gov;identifier NCT00098020). However, the side

effects of RA therapy pose a challenge for its use in the clinic (Montesinos et al., 2009).

The metabolite PA is suggested to be a predictive biomarker for development of CKD and
progression in hypertensive and diabetic patients (Ma et al., 2020, Gonzalez-Calero et al.,
2016). PA (also known as vitamin B5) is an essential vitamin and dietary factor, and has
long been recognised as an essential cofactor of biochemical reactions in numerous
physiological processes (Patassini et al., 2019). Pathway analysis results showed PA
synthesis and PA-related metabolism were disturbed in individuals with DN (Ma et al.,
2020). Since mammalian cells are unable to synthesize vitamin B5, they require it to be
generated by the intestinal microbiome or to be part of the diet, resulting in a potential
therapeutic target for DN treatment (Daugherty et al., 2002). A previous study in a type 2
diabetes rat model has shown that a vitamin B5 supplement restored body weight and blood
pressure whilst also decreasing blood glucose levels (Demirci et al., 2014). In addition, this
study also reported that a vitamin B5 supplement may reduce diabetes-related oxidative
stress and prevent endothelial cell injury (Demirci et al., 2014). However, further studies
are required to determine the efficacy of a vitamin B5 supplement in reducing blood

pressure and glucose levels in humans.

The translation of ‘omics research into disease-related biomarkers for use in clinical
practice is a complicated, time-consuming, and expensive process. Some challenges include
clinical heterogeneity of individuals with a particular diagnosis, different standards of
evidence to evaluate the validity of the biomarker, and a lengthy developmental pathway
from biomarker discovery to clinical utility (Omenn et al., 2012). The diagnostic and
therapeutic potential of the biomarker has to be carefully assessed before being considered
for introduction into the clinic, and additional uses should be considered. For example, the
CKD273 biomarker panel is available as a commercial in vitro diagnostic test and is a good

example of a “bench-to-bedside" approach (Pontillo and Mischak, 2017a). In addition to its
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diagnostic and prognostic value, CKD273 also has the potential to assess the impact
(outcome) of therapeutic interventions (Haubitz et al., 2009). For example, in one study,
CKD273 risk scores were significantly reduced (from 0.721 at visit 2 to 0.277 at visit 9),
below the previously defined threshold (0.343) after 2 years of treatment with irbesartan (an

antihypertensive and antiproteinuric drug) (Andersen et al., 2010).

Low-cost genomics-informed approaches to disease risk prediction pose great promise for
low-and middle-income countries, where the morbidity and mortality of non-communicable
diseases such as CKD are disproportionally high. However, there are many factors that
hinder the implementation of a genomic medicine healthcare model for CKD in resource
limited settings. These include population-specific research to validate predictive accuracy
and clinical utility, a low critical mass of skilled scientists, insufficiently equipped
diagnostic research laboratories and a lagging public health policy framework (Tekola-
Ayele and Rotimi, 2015). For example, the paucity of genomics research in individuals
from Africa has limited knowledge of clinically relevant CKD genetic variants in these
populations. The clinical implementation of genomic medicine requires more than just
developing a diagnostic or screening test. To have a functional genomic medicine
healthcare model for CKD, costly technology and skill-strengthening among scientists in
the field of medical genetics, genetic counselling, genetic epidemiology, bioinformatics and
computer biology are required. In addition, legal and ethical frameworks also need to be
established in the local context (Pereira et al., 2021, Tekola-Ayele and Rotimi, 2015).

The strengths of the review include the novelty of the topic and the assessment of the
literature on candidate biomarkers for early detection of CKD and prediction of
progression. Several potential biomarkers are highlighted and may be useful in developing
screening programs for CKD, however, they need validation in different clinical settings
and ethnic backgrounds. In addition, this review has shown that ‘omics technologies can be
used to explore potential disease mechanisms and therapeutic targets for treatment. There
were some limitations in this scoping review. Despite internationally accepted guidelines,
studies used various metrics to define CKD and potential sex differences in the
manifestation of CKD were not examined. The sample sizes were usually small and results

may not be transferable to populations that were not included in the studies, for example
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African populations. Furthermore, it was difficult to compare the outcomes across studies

because each study design was unique.

A few knowledge gaps were identified. While DM is a major risk factor for CKD in some
regions of the world, reflected in the number of DN studies reported in the ‘omics
literature, other regions such as Asia and Africa have other dominant risk factors such as
hypertension and others factors that remain to be identified. The major underlying causes of
kidney disease in Africa are poorly understood and often attributed to hypertension which
is likely to be secondary hypertension as a consequence of numerous insults. In this regard,
there are relatively few ‘omics studies that focus on hypertension in the context of CKD in
African populations (Alicic et al., 2017). There was a single study with individuals from
West Africa, highlighting the lack of ‘omics research in continental Africans (Chen et al.,
2007), despite many studies documenting the well-established genetic link to CKD in
African Americans (APOL1- associated nephropathy) (George et al., 2018).

In sub-Saharan Africa, there are limited resources for treating individuals with CKD who
progress to ESKD, rendering this condition fatal for those who are not treated. At least half
of the patients who require ESKD treatment do not have access to treatment, and only 1.5%
are predicted to receive renal replacement therapy (Ashuntantang et al., 2017).
Approximately 75% of patients who begin dialysis later die due to poor quality of dialysis
or termination of dialysis based on its cost (Ashuntantang et al., 2017). This makes
screening, early detection and the implementation of preventative interventions for CKD
particularly relevant. Clinically relevant biomarkers will be useful to develop screening
programs and potential therapeutic approaches to treat CKD in sub-Saharan Africa. Ideally
the goal is to identify individuals at risk for developing CKD in the future, and developing
preventative intervention strategies that would delay onset and slow progression, by
treating the underlying aetiologies.

The reported ‘omics studies identified potential biomarkers associated with CKD. These
biomarkers provide insight into the pathways involved in CKD and could possibly be used
to guide diagnostic and treatment options. The biomarkers that have emerged through

synthesis of existing literature provide evidence for effective approaches for early detection
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of CKD and prediction of progression in European populations. Their transferability to
Africans and other ethnicities needs to be verified through research in relevant populations
and assessment of diagnostic implementation in low-resourced healthcare settings. There is
extensive regional and ethnic diversity in Africa, and the major causes of CKD appear to
differ substantively from those in high-income settings, requiring population representative
studies that address the local context and causes of CKD. In addition, many factors need to

be addressed to facilitate effective genomic medicine healthcare models for CKD.
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CHAPTER 3

3. POLYGENIC SCORES FOR KIDNEY FUNCTION IN A
SOUTH AFRICAN COHORT

3.1. Abstract
Chronic kidney disease (CKD) is a public health concern with disproportionate morbidity

and mortality seen in low- and-middle income countries, such as those from sub-Saharan
Africa (SSA). Genome-wide association studies (GWASSs) have identified more than 250
loci linked to disease risk. Polygenic scores (PGSs) have the ability to enhance the power of
GWAS findings by aggregating the effect of common and rare variants that are associated
with the diseases of interest. In this study we aimed to assess the predictive power of PGSs
in an African setting using summary statistics from three discovery datasets. PGSs
developed from different ancestries showed poor predictability in African individuals in
this study, explaining less than 1% of the variability in kidney disease markers (urine
albumin-to-creatinine ratio [UACR], estimated glomerular filtration rate [eGFR],
albuminuria). A PGS model based on a transethnic discovery data set accounted for the
highest variance in eGFR (0.8%). Our results showed that the PGS was significantly
associated with eGFR in the presence of hypertension (HT), diabetes, and HIV, compared
to the absence of these CKD risk factors. The assessment of PGSs for kidney function
markers contributes to the understanding of CKD risk prediction in African populations, on

the African continent.

3.2. Introduction
In the past decade, GWASSs have identified >250 genetic loci robustly associated with CKD

and measures of kidney function (UACR, eGFR, serum creatinine, and cystatin C) (Tin and
Kottgen, 2020). However, accurate quantification of genetic risk for most complex
disorders, including CKD, is challenging. This is because these traits are multifactorial and
include genetic, environmental and behavioural risk components, and interactions between
them (Liu and Kiryluk, 2018). The contribution of genetic risk for complex diseases is
based on the heritability of the trait, and one measure for assessing this is the calculation of
polygenic scores (PGSs) based on GWAS (Cafiadas-Garre et al., 2019). GWASs have
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identified many genetic variants associated with disease risk, that individually contribute to
only a small fraction of overall risk, but collectively account for a higher proportion of risk,
with the actual contribution varying between traits (Khera et al., 2018a). PGSs have the
ability to harness the predictive power of GWAS findings by capturing the aggregate
effects of common and rare variants, with a range of effect sizes on the phenotype
(Chatterjee et al., 2013).

Zu et al. (2021) developed a PGS for eGFR and examined its association with outcomes
defined as incident CKD, kidney failure, and acute kidney injury (AKI) in 8,866 individuals
of African American and European ancestry. The base data for the PGS included a meta-
analysis of summary statistics from the UK Biobank GWAS for eGFR and summary
statistics from the CKDGen Consortium GWAS for eGFR (Yu et al., 2021). The PGS was
significantly associated with all the aforementioned outcomes of kidney disease, however,
it was not highly predictive for these traits as the hazard ratios (HRs) were small (Yu et al.,
2021). The HRs (95% confidence interval [CI]) were 1.33 (1.28-1.37), 1.18 (1.08-1.29),
and 1.06 (1.01-1.11) for incident CKD, kidney failure, and AKI, respectively (Yu et al.,
2021). In another study on 4,873 participants of European ancestry, a PGS for lower eGFR
(defined as eGFR 30—-60 mL/min per 1.73 m?) was associated with an increased risk of
kidney failure (HR 1.23; 95% ClI: 1.12-1.35) and mortality (HR 1.12; 95% CI: 1.04-1.22)
(Steinbrenner et al., 2022). Similarly, the base data for the PGS was a meta-analysis to
combine the summary statistics from the UK Biobank and CKDGen Consortium GWASs
for eGFR (Steinbrenner et al., 2022).

Studies have shown that PGSs derived from continental African populations or transethnic
populations including African ancestry participants, perform significantly better in SSA
than when using PGSs derived from only European ancestry populations (Duncan et al.,
2019, Cavazos and Witte, 2021, Adam et al., 2022, Choudhury et al., 2020). This is
because PGS accuracy for continental African populations is impacted by various factors
including population differences in LD and allele frequencies, and inclusion of variants
unique to individuals with African ancestry explained by specific genetic structure due to
genetic drift, migration and selection patterns (Wang et al., 2020, Cavazos and Witte,
2021). The inclusion of African-specific variants in PGSs have the ability to enhance risk
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prediction and achieve more unbiased genetic risk estimates across global populations
(Cavazos and Witte, 2021). With limited transferability of PGSs derived from European
ancestry populations to continental African populations (Fatumo et al., 2023), poor
accuracy of PGSs in individuals with African ancestry is a key barrier in achieving precise

risk stratification (Fatumo et al., 2023).

Using data from the South African site of the African Research Kidney Disease (ARK)
study as the target cohort (Fabian et al., 2022), we explored the potential of using summary
statistics from three discovery datasets to develop and to test the predictive power of PGSs
in an African setting. One set of summary statistics was generated in another continental
African study, the AWI-Gen (Africa Wits-INDEPTH partnership for Genomic Studies)
study (Ramsay et al., 2016), and the other two were from transethnic GWASs for eGFR
(Stanzick et al., 2021), UACR, and albuminuria (Teumer et al., 2019).

3.3. Methods

The summary workflow is shown in Figure 3.1.
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ARK study: Participants
consented (N=2,021)

ARK sub-study: DNA Samples
randomly selected for genotyping
analysis (n=1,250)

Sample QC

Remove duplicates and

Discordant sex
non-autosomal SNPs

Missingness
(>0.02)

Heterozygosity SNP missingness
High >0.343; Low <0.15 (>0.01)

Relatedness HWE
(pi hat>0.8) (P<0.00005)

Individuals removed during
the QC process (n=124)*

* Missingness (n=117)

« Discordant sex

Samples (n=1,126) information (n=24)
SNPs (n=1,646,149)

Sanger Imputation Server (African
Genome Reference set)

(n=13,914,709)
Individuals removed due to

relatedness (pi hat>0.3) and
admixture (n=109)

PGS analyses using summary
statistics from various studies
(n=1,017)

AL G Teumer et al. 2019 Stanzick et al. 2021

UACR’.EGF.R’ UACR, albuminuria eGFR
albuminuria

Figure 3.1: Workflow summary for datasets and analyses

*The total number may not add up due to some individuals having both discordant sex information
and missingness.

ARK, African Research on Kidney Disease; AWI-Gen, Africa Wits-INDEPTH partnership for
Genomic Studies; DNA, Deoxyribonucleic acid; eGFR, estimated glomerular filtration rate;
GWAS, genome-wide association study; HWE, Hardy-Weinberg equilibrium; MAF, minor allele
frequency; PGS, polygenic score; QC, quality control; SNP, single nucleotide polymorphism;
UACR, urine albumin-creatinine ratio.
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3.3.1. Study participants
This is a sub-cohort of the African Research Kidney Disease (ARK) study, comprising

2,021 Black African adults aged 20 to 80 years from Agincourt, South Africa. In the ARK

study, all participants provided demographic, health, and family history information; urine

and blood samples were collected. This sub-study consisted of 1,250 participants randomly
selected for genotyping analysis.

3.3.2. Kidney function measurement
An isotope dilution mass spectrometry traceable Jaffe method was used to measure serum

and urine creatinine (Craik et al., 2023). The 2009 CKD-EPI creatinine equation without
adjustment for African American ethnicity was used to calculate GFR (ml/min/1.73 m?)
(George et al., 2019). Urine albumin concentration was measured using
immunoturbidimetry, and this measurement was used to calculate UACR (mg/mmol)
(Craik et al., 2023).

3.3.3. Genotyping, quality control and imputation

3.3.3.1. Genotyping
DNA samples from the ARK study (n=1,250 participants) were genotyped in two batches at

the Frederick National Laboratory, USA, using the H3Africa genotyping array designed as

an African-common-variant-enriched GWAS array (lllumina) with ~2.3 million SNPs.

3.3.3.2. Calling
Calling of raw data was performed using IAAP Genotyping Command Line Interface

(https://emea.support.illumina.com/downloads/iaap-genotyping-cli.html) for each batch

independently. Duplicate samples were removed from each batch, and both batches were
merged in PLINK. For each position, a Fisher’s exact test was performed on PLINK to
compare distribution of both alleles and assess homogeny between the batches. Four

positions with P<0.000001 were discarded.

3.3.3.3. Quality control
Pre-imputation quality control (QC) was performed using the H3Africa Consortium Pan-

African Bioinformatics Network (H3ABioNet H3AGWAS) workflow
(https://github.com/h3abionet/h3agwas) (Brandenburg et al., 2022b, Baichoo et al., 2018).
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The standard QC process involved a stepwise removal of individuals and SNP markers.
Sample QC included removing individuals with discordant sex information (genotype
versus documented) and SNP missingness greater than 0.02. Heterozygosity cut-offs were
used to remove individuals with excessive heterozygosity (>0.343) indicative of genotyping
errors, and low heterozygosity (<0.15) which implies inbreeding. Relatedness cut-off (n” -
pi hat>0.8) was applied to account for mislabelling of duplicates in the dataset.

The SNP QC process involved the removal of duplicate and non-autosomal SNPs from the
dataset. SNPs with a minor allele frequency (MAF) less than 0.01 and missingness greater
than 0.01 were removed. SNPs that did not conform to genotype distributions in Hardy-
Weinberg equilibrium (HWE, P<0.0005) were also removed as the assumption is that
genetic variation within this dataset has remained constant. To increase the number of SNPs
in the final analysis, imputation was performed on the QC’d dataset (with 1,646,149 SNPs
and 1,126 individuals).

3.3.3.4. Admixture and outliers
PCASmart, a feature of the EIGENSOFT software (Price et al., 2006) was used to exclude

outliers; on the first four principal components (PC), any individual outlier at more than 5

standard deviations of each PC was excluded.

The ARK dataset was merged with data from the 1000 Genomes (KGP) and African
genome variation project (AGVP). African ancestry was estimated for each individual
using the ADMIXTURE software (https://dalexander.github.io/admixture/). The

ADMIXTURE software is a model-based estimation of ancestry in unrelated individuals

(Alexander et al., 2009). African ancestry for each individual in this study was estimated
using AGVP, African individuals from KGP, and other ancestries (South Asian, East
Asian, and European American) from KGP as a reference. Individuals from the ARK
dataset where African ancestry was less than 90% were removed. After the initial QC, 109

individuals were removed due to admixture and relatedness (z” - pi hat>0.3).

3.3.3.5. Imputation
Imputation was performed on the 1.65 million SNPs using the African Genome Resources

reference panel at the Sanger Imputation Server (https://imputation.sanger.ac.uk/)
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(MccCarthy et al., 2016). The African Genome Resource is a promising panel for sub-
Saharan African datasets based on sample size, geographic origin, and ancestry
representation of the reference panel and target population (Sengupta et al., 2023).
EAGLE?2 (Loh et al., 2016) was used for pre-phasing and the positional Burrows Wheeler
transformation (PBWT) algorithm (Durbin, 2014) was used for imputation. This method
uses a reference-based phasing approach to statistically estimate haplotypes from genotype
data leveraging data from large reference panels (Loh et al., 2016). After imputation, poorly
imputed SNPs with info scores less than 0.3 were removed. The final dataset included
~13.9 million SNPs.

3.3.4. Phenotype variables
This study included two quantitative markers and one dichotomous biomarker marker of

kidney function: (1) UACR — calculated as the urine albumin-creatinine ratio, (2) eGFR —
calculated using the CKD-EPI equation without the African American coefficient (Levey et
al., 2009), and (3) albuminuria — defined as UACR of at least 3.0mg/mmol; control -
UACR <3.0mg/mmol. Since there were only a few participants with low eGFR in this
study, it was not included as a variable in the PGS analysis. In most instances, only one
measurement was available for eGFR and UACR for each participant. In the absence of
repeated measures chronicity could not be confirmed, therefore, we defined single screen

measures as “markers of kidney function” instead of CKD.

3.3.5. Polygenic score (PGS) analyses
The PGS analyses were performed using phenotype-specific effect-weighted variants

obtained from summary statistics in previous studies using PRSice-2 VV2.3.5 (Euesden et
al., 2015). This ARK sub-study imputed data was used for the target cohort. Summary
statistics from previous GWASs for the different phenotypic outcomes were used for the
discovery datasets.

PGSs are calculated as the sum of genotypes for variants genome-wide, generally weighted

by effect sizes that are estimated from a GWAS study and the basic mathematic formula is:

n
PGS =ZWi.Xi
i=1
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where X; is the allele count (0=non-effect allele homozygote, 0.5=heterozygote, 1=effect
allele homozygote) , wi is the weight of the i" SNP for a particular outcome and n denotes
the number of SNPs that will be included in the PGS, depending on the disease/trait
(Reisberg et al., 2017).

The PGS analyses included the following steps: (1) P value thresholding to exclude SNPs
with very low significance/not significant by carrying out several PGS analyses with
varying P values (P value thresholds for 0.05 to 5x10%), (2) clumping (linkage
disequilibrium [LD] adjustment) to identify and choose the significant independent SNPs
found in (1) in each LD region for additional analyses (Clumping distance=250kb, R?=0.1);
for each P value threshold, PGS results were generated using beta value, and (3) to select
the PGS closest to the phenotype.

To account for overfitting data, an adjusted R? was used. The highest adjusted R? was used
to estimate the best predictive PGS. In PRSice-2, an empirical P value was calculated for
each PGS to determine the P value threshold (Euesden et al., 2015). The P value threshold

__ =YNn=1I(Pnull<Po)+1
- N+1

was determined using the formula: Empirical — P , Where Po

indicates the optimum P value threshold; Pnull refers to the P value of association of the
optimum P value threshold under the null; and I is the indicator function. For each
phenotype, different P value thresholds were identified and evaluated using the R?, where

the optimum P value threshold was identified by the largest R?.

The PGS software PRSice-2 VV2.3.5 (Choi and O'Reilly, 2019) was used to calculate PGSs
for ARK participants using the summary statistics from previous GWAS discovery studies.
The PGS prediction models were adjusted for age and sex.

3.3.6. Previous genome-wide association study cohorts
A description of the discovery GWAS cohorts used in the PGS analyses are shown in

Table 3.1.

3.3.6.1. Africa Wits-INDEPTH partnership for Genomic Studies
(AWI-Gen)
The Africa Wits-INDEPTH partnership for Genomic Studies (AWI-Gen) is a Human

Heredity and Health in Africa (H3Africa) Consortium study that consists of 10,702
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individuals (aged 4060 years) from six study sites in East, West and South Africa (Ali et
al., 2018, Ramsay et al., 2016). Peripheral blood and urine sample collections were
described in detail previously (Ali et al., 2018, George et al., 2019). Immunoturbidimetry
measurements were used to quantify urine albumin concentration, and serum and urine
creatinine was quantified by the Jaffe’s kinetic technique; UACR (mg/mmol) was
calculated from these measurements eGFR was calculated using the CKD-EPI equation

without the African American coefficient (George et al., 2019).

DNA samples were genotyped using the H3Africa genotyping array, and similar QC and
imputation was performed, as previously described (Choudhury et al., 2022, Singh et al.,
2023). Analyses were performed for all AWI-Gen participants, with adjustment for age and
sex (Brandenburg et al., 2024). Linear regression of variables with adjustment of covariates
were performed in R: eGFR, logUACR and albuminuria, and extraction of residuals.
Association analyses were performed using residuals of the variables (eGFR, UACR and
albuminuria) with imputed genotype (best guessed) data using GEMMA (Version 0.98.1)
and the H3ABioNet H3BAGWAS pipeline (https://github.com/h3abionet/h3agwas)

(Brandenburg et al., 2024). Population sub-structure and relatedness between individuals

are accounted for using a relatedness matrix in the GEMMA software (Brandenburg et al.,
2024). A sub-set of pre-imputed SNPs were used to build the relatedness matrix
(Brandenburg et al., 2024). The set was pruned for LD using PLINK and an LD (r2)
threshold of 0.6, with windows of 100 kb and 20 kb for step size. Summary statistics from
the AWI-Gen GWAS were obtained for eGFR (n=10,476), UACR (n=8,850), and
albuminuria (n=8,850) (Brandenburg et al., 2024).

3.3.6.2. Teumer et al. GWAS meta-analysis for UACR and

albuminuria
A GWAS meta-analysis of UACR and albuminuria was performed in 564,257 individuals

of predominantly European ancestry (Teumer et al., 2019). Various methods were used to
measure urinary albumin and creatinine in each study. Values for urinary albumin that were
below the lower limit of the assay were set to the lower limit of detection. UACR was
calculated as urinary albumin (mg/l)/urinary creatinine (mg/dl) x 100 and assessed in mg/g.
Albuminuria was defined as UACR >30 mg/g and controls were defined as UACR <10
mg/g (Teumer et al., 2019).
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Samples were genotyped using genome-wide arrays and study-specific QC filters were
applied in each study (Teumer et al., 2019). Genome-wide data were imputed using the

Haplotype Reference Consortium and 1000 Genomes Project phase 1 and phase 3 reference

panels at the Sanger Imputation Server (https://imputation.sanger.ac.uk/) and Michigan

Imputation Server (https://imputationserver.sph.umich.edu/). Linear regression models
using inverse normal transformed age and sex residuals of logUACR as the dependent
variable were performed in each GWAS analysis. A logistic regression model with

adjustment for sex and age was performed for albuminuria.

The meta-analysis included 54 GWAS summary statistics files for UACR which consisted
of 547,361 Europeans, 6,324 East Asians, 6,795 African Americans, 2,335 South Asians
and 1,442 Hispanics. The meta-analysis for albuminuria included 38 GWAS summary files
which consisted of 348,954 individuals of transethnic ancestry (European, African
America, Asian, and Hispanic). Fixed-effect inverse-variance weighted meta-analyses were
performed on METAL, and adapted for higher precision to obtain effects and standard
errors up to seven decimal places (Willer et al., 2010). Variants with a low minor allele
count (<400) were excluded resulting in 8,034,757 variants for UACR and 8,326,000
variants for albuminuria in the final results. The LD-score regression intercept was 0.95,
implying that any residual inflation was probably due to polygenicity instead of
confounding. Summary statistics from the GWAS meta-analysis for UACR were obtained
for participants with transethnic (n=564,257), European (n=547,361), and African
American (n=6,795) ancestry (Teumer et al., 2019). In addition, summary statistics from
the GWAS meta-analysis for albuminuria were only obtained for participants with

transethnic ancestry (n=348,954).

3.3.6.3. Stanzick et al. GWAS meta-analysis for eGFR
A GWAS meta-analysis of eGFR was performed in ~1.2 million individuals of

predominantly European ancestry from the UK Biobank and CKDGen Consortium
(Stanzick et al., 2021). The primary outcome of the GWAS meta-analysis was log-
transformed eGFR based on creatinine (eGFRcrea). Creatinine concentration was measured
in serum and GFR was estimated using the CKD-EPI equation (for participants >18 years)

or the Schwartz formula (for individuals <18 years) (Stanzick et al., 2021).

Page | 64


https://imputation.sanger.ac.uk/
https://imputationserver.sph.umich.edu/

In each CKDGen study, GWAS for eGFRcrea was conducted with adjustment for age, sex
and other covariates that were specific to the study (Stanzick et al., 2021). The CKDGen
meta-analysis included 121 GWAS summary statistics files for eGFRcrea which consisted
of 567,460 individuals of European ancestry, 165,726 of East Asian ancestry, 13,842 of
African American ancestry, 13,359 of South Asian ancestry and 4,961 of Hispanic ancestry.
Data was QC’d using EasyQC (Winkler et al., 2014). In the UK Biobank study, a linear
mixed model GWAS for eGFR was conducted on 436,765 participants of European using
the fastGWA tool (Jiang et al., 2019). Covariates included in the association analyses were
age, age2, sex, agexsex, age2xsex, and 20 principal components. A fixed-effect inverse-
variance weighted meta-analysis of CKDGen and UK Biobank association results was
performed on METAL (Willer et al., 2010). Variants with a low minor allele count (<400)
were excluded resulting in 13,633,840 variants in the final GWAS meta-analysis results for
eGFRcrea. The meta-analysis results for the GC lambda inflation factor (A) was A=1.28,
and LD-score regression intercept was 0.90, indicating conservative GC correction and

absence of confounding by population sub-structure, respectively (Stanzick et al., 2021).
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Table 3.1: Description of discovery GWAS cohorts

Study Ethnicity Sample size Phenotype
AWI-Gen Continental African | 10,476 eGFR
(Brandenburg et al.,

2024)

AWI-Gen Continental African | 8,850 UACR
(Brandenburg et al.,

2024)

AWI-Gen Continental African | 8,850 Albuminuria
(Brandenburg et al.,

2024)

(Teumer et al., 2019) | Transethnic 564,257 UACR

(European, African
America, Asian,

Hispanic)
(Teumer et al., 2019) | European 547,361 UACR
(Teumer et al., 2019) | African American | 6,795 UACR
(Teumer et al., 2019) | Transethnic 348,954 Albuminuria

(European, African
America, Asian,

Hispanic)
(Stanzick et al., Transethnic 1,202,113 eGFR
2021) (European, African

American, Asian)

AWI-Gen, Africa Wits-INDEPTH partnership for Genomic Studies; eGFR, estimated glomerular
filtration rate; GWAS, genome-wide association study; UACR, urine albumin-to-creatinine ratio.

3.3.7. Stratification by CKD risk factors
Using the transethnic (Stanzick) eGFR PGS computed in PRSice-2 , we stratified the

analysis by CKD risk factors (HT, diabetes, and HIV) in R software
(https://github.com/jeantristanb/pgs/tree/main/PRSice-2/plotresult). GLM models computed
in R were used to assess the association between the PGS and eGFR when stratified by risk

factors (HT, diabetes, and HIV). The GLM models were adjusted for age and sex.

3.4. Results

3.4.1. Baseline demographics and disease characteristics
Between 2" November 2017 and 5™ September 2018, 2021 adults of self-identified black

ethnicity were recruited from Agincourt in the rural Mpumalanga Province, South Africa.
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Baseline characteristics of the overall ARK study and the 1,017 participants whose genetic
data passed quality control are displayed in Table 3.2. Baseline characteristics were similar
in the overall ARK study and this genetic sub-study. There were no significant difference
between the full ARK study cohort and this genetic sub-cohort. Overall, there were many
risk factors for CKD present in the full study cohort and genetic sub-cohort, including HT,
HIV, and diabetes.

Table 3.2: Baseline demographics and disease characteristics of ARK participants
comparing the full study cohort to the sub-cohort used for the PGS analyses

Variable Overall ARK Genetic sub-study | P value

study (n=1,017)

(N=2,021)
Mean age (£SD) years 37.9 (x14.1) 38.8 (x14.7) 0.1138
Sex
Male 851 (42.1) 423 (41.6) 0.7861
Female 1,170 (57.9) 594 (58.4)
BMI (+SD) kg/m? 26.6 (6.3) 26.7 (6.4) 0.5618
Hypertension?
No 1,424 (70.5) 693 (68.1) 0.1896
Yes 597 (29.5) 324 (31.9)
Diabetes”
No 1,933 (95.6) 972 (95.6) 0.9286
Yes 88 (4.4) 45 (4.4)
HIV infection
No 1,641(81.2) 764 (80.0) 0.4389
Yes 380 (18.8) 191 (20.0)
UACR (mg/mmol), 1.0 (0.2-1.3) 0.4 (0.2-1.2) 0.6154
median (IQR)
eGFR (ml/min/1.73m?),¢ | 111.6 (18.3) 110.9 (19.3) 0.7564
mean (SD)
Markers of kidney functiond
Albuminuria (UACR >3 | 241 (11.9) 136 (13.4) 0.2618
mg/mmol)
Low eGFR (eGFR <60 | 32 (1.6) 21 (2.1) 0.3398
ml/min per 1.73 m?)

T-tests and a Chi-squared analysis using STATA were used to compute associations between the
overall ARK study and genetic sub-study, as appropriate.

aHypertension (SBP >140mmHg or DBP >90mmHg).

®Diabetes: non-fasting glucose >11.1mmol/L.
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®Measured using the Chronic Kidney Disease Epidemiology (CKD-EPI) equation without
adjustment for race (Levey et al., 2011).

d0verall ARK study: 13 participants had both UACR >3 mg/mmol and eGFR <60 ml/min per 1.73
m2; Sub-study: 7 participants with both UACR >3 mg/mmol and eGFR <60 ml/min per 1.73 m2,
eGFR, estimated glomerular filtration rate (CKD-EPI equation); SD, standard deviation; UACR,
urine albumin-creatinine ratio.

3.4.2. Distribution of phenotypes
The distribution of eGFR is shown in Figure 3.2A, and was not transformed. UACR was

log10 transformed for the PGS analysis due to a skewed distribution (Figure 3.2B & C).
There were no significant differences in the proportion of participants with low eGFR and

albuminuria between the two groups (Table 3.2; Figure 3.3).
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Figure 3.2: Distribution of kidney function markers in the ARK genetic sub-study
eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio.
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Figure 3.3: Proportion of participants with markers of kidney function
Albuminuria was defined as UACR >3 mg/mmol.

Low eGFR was defined as GFR <60 ml/min per 1.73 m2.

eGFR, estimated glomerular filtration rate; UACR, urine albumin-to-creatinine ratio.

3.4.3. Polygenic score and association analyses
Eight PGS were developed for three markers of kidney function (eGFR, UACR and

albuminuria) using summary statistics from previous GWAS in participants of diverse
ancestries and applied to the individuals in this ARK genetic sub-study: (1) AWI-Gen
African ancestry cohort for eGFR; (2) AWI-Gen African ancestry cohort for UACR; (3)
AWI-Gen African ancestry cohort for albuminuria; (4) Stanzick transethnic cohort for
eGFR; (5) Teumer transethnic cohort for UACR; (6) Teumer European cohort for UACR;
(7) Teumer African American cohort for UACR; and (8) Teumer transethnic cohort for

albuminuria.

The variance in kidney function markers explained by the eight PGSs was low; below 1%
for all phenotypes (range 0.1-0.8%) (Figure 3.4). The highest R? was for the Stanzick
transethnic PGS for eGFR (0.8%). The PGS for eGFR generated using summary statistics
from Stanzick transethnic cohort was significant when applied to individuals in this genetic
sub-study (Empirical P value=0.003); likely due to the high number of SNPs (n=199,836)
used to generate the PGS and large sample size (n=765,348) consisting of 13,842 African
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Americans. In comparison, the PGS for UACR generated using summary statistics from the
Teumer transethnic cohort (n=564,257, consisting of 6,795 African Americans) and applied
to individuals in this study had a R? of 0.1%, was not significant (Empirical P value=0.99),
and used 9,332 SNPs to generate the PGS. The PGS for eGFR, UACR and albuminuria
generated using summary statistics from AWI-Gen of individuals with African ancestry
was not significant when applied to individuals in this genetic sub-study (Empirical P
values=0.11, 0.27, and 0.71, respectively); likely due to the lower number of SNPs
(n=137,136, 11,504, and 8,960, respectively) used to generate the PGS and smaller sample
sizes (n=10,476, 8,850, and 8,850, respectively) of the discovery cohorts.
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Figure 3.4: Transferability of polygenic scores generated from summary statistics of
external cohort studies

Bar chart showing adjusted variance explained (R?, %) for each PGS derived from discovery
GWASs for eGFR, albuminuria, and UACR: P value (within the bar) and number of SNPs (above
the bar) are stated for each kidney function marker. PGS derived from discovery GWASs and
applied to the ARK sub-study (target): (1) AWI-Gen African ancestry cohort for eGFR (N=10,476);
(2) AWI-Gen African ancestry cohort for UACR (N=8,850); (3) AWI-Gen African ancestry cohort
for albuminuria (N=8,850); (4) Stanzick transethnic cohort for eGFR (N=765,348); (5) Teumer
transethnic cohort for UACR (N=564,257); (6) Teumer European cohort for UACR (N=547,361);
(7) Teumer African American cohort for UACR (N=6,795); (8) Teumer transethnic cohort for
albuminuria (N=348,954).

ARK, African Research Kidney Disease; eGFR, estimated glomerular filtration rate; GWAS,
genome-wide association study; PGS, polygenic score; SNP, single nucleotide polymorphism;
UACR, urine albumin-to-creatinine ratio.

As only the PGS developed from the Stanzick transethnic cohort for eGFR was significant,
the odds ratio for eGFR levels by PGS deciles were plotted. Across PGS deciles of the
eGFR, participants in the highest decile (10), corresponded to >2-fold increased genetic
risk for lower eGFR levels. (Figure 3.5). In addition, the association between PGS score
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and eGFR when stratified by risk factors (HT, diabetes, and HIV) were assessed. The PGS
was significantly associated with eGFR in individuals with HT, diabetes, and HIV,
compared to those without (Table 3.3). Most of the variance in the PGS for eGFR can be
explained by the presence of HT (R?=0.12%) and diabetes (R?>=0.20%), in comparison to
the absence of the HT (R?=0.07%) and diabetes (R?=0.04%) (Figure 3.6). The variance in
the PGS for eGFR was similar in individuals with and without HIV (R?=0.05% and 0.04%,

respectively).

Odds ratio

PGS deciles

Figure 3.5: Odds ratios for eGFR levels across PGS deciles

PGS derived from Stanzick transethnic cohort for eGFR (N=765,348) GWAS and applied to the
ARK sub-study (target). Point range-plots comparing the difference in eGFR levels of the
upper/lower PGS decile from the middle PGS decile.

ARK, African Research Kidney Disease; eGFR, estimated glomerular filtration rate; GWAS,
genome-wide association study; PGS, polygenic score.
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Table 3.3: GLM models for Stanzick eGFR PGS stratified by CKD risk factors in the
target ARK cohort

Estimate Std error P value

All individuals 2.2 x10% 7.8 x10° 0.006
Hypertension

Yes (n=324) 3.2 x10* 8.0 x10° <0.001

No (n=693) 2.4 x10° 1.7 x10* 0.88
Diabetes

Yes (n=45) 2.1 x10* 7.7 x10° 0.007

No (n=972) 2.7 x10* 7.2 x10* 0.715
HIV infection

Yes (n=191) 2.4 x10* 9.0 x10° 0.001

No (n=764) 2.5 x10% 2.0 x10* 0.209

GLM models were adjusted for age and sex.
eGFR, estimated glomerular filtration rate; GLM, general linear model; PGS, polygenic score.

03 -
02 -
g
fad
0,1 -
0,0 -

HT Diabetes HIV
m Present m Absent
Figure 3.6: Variance in eGFR explained by PGS in the presence or absence of CKD
risk factors (HT, diabetes, and HIV)

eGFR, estimated glomerular filtration rate; HIV, human immunodeficiency virus; HT,
hypertension; PGS, polygenic score.
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3.5. Discussion
CKD is a complex multifactorial disease that involves genetic and environmental risk

factors, making accurate identification of genetic risk challenging (Friedman, 2019). This
study aimed to develop and assess the predictive power of PGSs derived from discovery
GWASs from transethnic, European, continental African and African American studies for
kidney function markers in a black South African population, represented in this ARK sub-
study. PGSs derived from continental African, African American, European and transethnic
populations GWAS summary statistics explained less than 1% of the variability in eGFR,

UACR, and albuminuria in this cohort.

In this study, a PGS for eGFR derived from transethnic GWAS summary statistics
explained the highest variability in eGFR (0.8%) in comparison to a PGS developed from a
continental African population (0.4%). In a PGS for eGFR (based on creatinine) on 2,900
European individuals, the PGS explained 9.6% of the variance in eGFR; much higher than
this study (Herold et al., 2023). In another study on 8,886 participants of European and
African ancestry (82% Europeans), an eGFR PGS explained 5.7% of the variance in the
total population, and only 1.8% in the African ancestry population (Yu et al., 2021).
Previous studies have shown that a PGS derived from a continental African population or
transethnic cohort performs significantly better in SSA than a PGS derived from only
European ancestry populations (Duncan et al., 2019, Cavazos and Witte, 2021, Adam et al.,
2022, Choudhury et al., 2020). A study by Hughes et al. (2023) supports the findings in this
study, by demonstrating increased predictive power with a transethnic PGS for eGFR
(Hughes et al., 2023). The ability of PGSs is limited by genetic contribution to the trait,
sample size, and genotype and phenotype diversity (Wang et al., 2023). Multiple methods
have been shown to improve PGS accuracy. These include the PolyPred method
(Weissbrod et al., 2022, Fatumo et al., 2023), and Bayesian and “P+T” approaches together
with prior knowledge of trait-specific genetic architecture estimates (Wang et al., 2023).
Previous studies have shown that the genetic variance for eGFR ranges from 2.0-9.8% in
studies with large sample sizes (n=47,219-436,581) (Stanzick et al., 2021). In this doctoral
thesis, the low eGFR variance explained by the PGS may have limited by the small sample
size (n=1,017).”
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The low phenotypic variance explained by the continental African derived PGS could be
the result of regional variability across Africa. For example, PGS variance for low-density
lipoprotein cholesterol greatly varied with SSA between a Zulu-speaking South African
population (8.1%) and a Ugandan population (0.03%) (Kamiza et al., 2022). The poor
transferability within SSA may be because of genetic and environmental differences
between populations (Kamiza et al., 2022).

The low variance for UACR (0.1-0.6%) in this study could be due to the low genetic
heritability of UACR (4.3%) (Teumer et al., 2019). Similarly, PGSs for UACR using
CKDGen summary statistics explained 0-0.8% variance of UACR in another continental
African cohort (Brandenburg et al., 2024). In addition, a PGS for UACR demonstrated a
variance of 0.01% in the total population (consisting of 8,886 European and African
ancestry participants), and 0.1% in the African ancestry (n=2,871) population (Yu et al.,
2021). There was also low transferability between the PGS derived from the African
American discovery GWAS for UACR and this study population. The low phenotypic
variance explained by the African American derived PGS could be because the African
American population was from an admixed group that did not reflect the genetic diversity

and LD patterns of continental Africans (Choudhury et al., 2020).

PGS transferability relies on similarities between the discovery and target datasets.
However, the low transferability of the continental African ancestry derived PGS to black
African individuals in this study could be attributed the small sample size, participants from
a different geographic region in Africa, differences in LD, allele frequency, and gene-
environmental factors. Furthermore, African kidney disease cohorts are substantially
underpowered (<10,000), in comparison to European cohorts with over a million
individuals (Stanzick et al., 2021). The genetic architecture of kidney disease in Africans
could also be influenced by environmental factors and variability in the prevalence of risk
factors such as hypertension, diabetes, and HIV (George et al., 2019, Brandenburg et al.,
2022a, Fatumo et al., 2021, Limou et al., 2014).

It has been previously established that the relative risk for CKD is strongly associated with
diabetes, HT, and HIV (George et al., 2019, Xie et al., 2023). As such, we assessed the
association between the PGS derived from a transethnic discovery GWAS for eGFR when
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stratified by risk factors including HT, diabetes, and HIV. The results indicated that the
PGS was significantly associated with eGFR in participants with HT, diabetes, and HIV,
compared to those without. This is consistent with studies from East, West and South
Africa. In the overall ARK cohort of 2,021 individuals from Agincourt, Mpumalanga,
South Africa, HIV infection (odds ratio [OR] 1.8; 95% CI: 1.1-2.8); HT (OR 2.8; 95% CI:
1.8-4.3), and diabetes (OR 4.1; 95% CI. 2.0-8.4) were risk factors for CKD (Fabian et al.,
2022). In the AWI-Gen study on 8,110 participants from West, East and Southern Africa,
the relative risk for CKD was also strongly associated with HT (OR 1.97; 95% CI: 1.68—
2.30; P<0.0001), diabetes (OR 2.22; 95% CI; 1.76-2.78; P<0.0001), and HIV (OR 1.65;
95% CI: 1.36-1.99; P<0.0001) (George et al., 2019).

A limitation of the study included the small sample sizes for GWASs for kidney disease in
continental Africans (n=10,476) and African Americans (n=6,795) that were used to
develop the PGSs. In addition, it is important to note that the number of individuals with
diabetes in the stratified analysis may be too low (n=45) to make any meaningful
conclusion. It is important for future research to focus on continental African populations
from different geographic regions with increased sample sizes to improve PGS prediction.
Another limitation of the study was bias due to differing genotyping and GWAS study
designs used by the various studies. No additional tools, except for PRScise-2, were used to
compute and compare PGS estimates. The arrays used for the other studies did not include
many of the common African variants that were present in the H3Africa array, and
therefore were not included in this study. This could be addressed by using discovery
GWASs that follow the same protocol and study design as the target population.

3.6. Conclusions
Polygenic scores derived from studies in different ancestries showed limited predictability,

explaining less than 1% of the variability in kidney function markers in African individuals
in this study. A PGS derived from a transethnic cohort for eGFR explained the highest
variability in this cohort. The eGFR PGS was significantly associated with the presence of
CKOD risk factors, including HT, HIV, and diabetes. The poor transferability for kidney
function markers highlights the need for more research that focuses on continental African

populations with large sample sizes to enhance CKD risk prediction.
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CHAPTER 4

4. PROTEOMIC INSIGHTS INTO THE
PATHOPHYSIOLOGY OF HYPERTENSION-
ASSOCIATED ALBUMINURIA: PILOT STUDY IN A

SOUTH AFRICAN COHORT

This work was raised as a paper publication (Govender et al., 2024). This review was

published in the Clinical Proteomics journal in February 2024.

4.1. Abstract
Background: Hypertension is an important public health priority with a high prevalence in

Africa. It is also an independent risk factor for kidney outcomes. We aimed to identify
potential proteins and pathways involved in hypertension-associated albuminuria by
assessing urinary proteomic profiles in black South African participants with combined

hypertension and albuminuria compared to those who have neither condition.

Methods: The study included 24 South African cases with both hypertension and
albuminuria and 49 control participants who had neither condition. Protein was extracted
from urine samples and analysed using ultra-high-performance liquid chromatography
coupled with mass spectrometry. Data was generated using data-independent acquisition
(DIA) and processed using Spectronaut™ 15, Statistical and functional data annotation
were performed on Perseus and Cytoscape to identify and annotate differentially abundant
proteins. Machine learning was applied to the dataset using the OmicLearn platform.

Results: Overall, a mean of 1,225 and 915 proteins were quantified in the control and case
groups, respectively. Three hundred and thirty-two differentially abundant proteins were
constructed into a network. Pathways associated with these differentially abundant proteins
included the immune system (g-value [false discovery rate]=1.4x10), innate immune
system (g=1.1x10"?), extracellular matrix (ECM) organisation (q=0.03) and activation of
matrix metalloproteinases (q=0.04). Proteins with high disease scores (76—-100%
confidence) for both hypertension and CKD included angiotensinogen (AGT), alboumin
(ALB), apolipoprotein L1 (APOL1), and uromodulin (UMOD). A machine learning
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approach was able to identify a set of 20 proteins, differentiating between cases and

controls.

Conclusions: The urinary proteomic data combined with the machine learning approach
was able to classify disease status and identify proteins and pathways associated with

hypertension and albuminuria.

Keywords: Proteomics, albuminuria, hypertension, ultra-high-performance liquid

chromatography, machine learning.

4.2. Introduction
Globally, the World Health Organization estimates that more than a billion people have

hypertension, a risk factor for adverse cardiovascular and cerebrovascular events and
kidney disease. Hypertension is a major cause of premature death worldwide, with a
disproportionate burden in low- and middle-income countries, largely due to a rising

prevalence of risk factors in recent decades (Stanzick et al., 2021).

As an upper middle-income country, South Africa has a high prevalence of hypertension,
and hypertensive kidney disease is the most common cause of kidney failure documented
by the South African Renal Registry (Hariparshad et al., 2023). Hypertension and kidney
disease are inextricably linked, with common pathophysiological denominators that begin
with foetal programming in-utero (De Bhailis and Kalra, 2022, Zandi-Nejad et al., 2006).
There is strong epidemiological evidence linking low birth weight, as a marker of adverse
intrauterine circumstances, to adult hypertension and kidney disease (Zandi-Nejad et al.,
2006, Gjerde, 2022). Potential mechanisms include a congenital deficit in nephron number
which may arise from changes in DNA methylation, accelerated apoptosis in the
developing kidney, changes in renal renin—angiotensin system activity, and an increase in
foetal glucocorticoid exposure (Zandi-Nejad et al., 2006). A decrease in nephron number is
associated with compensatory glomerular hypertrophy and an increased susceptibility to the

progression of kidney disease (Zandi-Nejad et al., 2006).

Angiotensin, an endocrine hormone peptide, is a vital part of the renin-angiotensin-

aldosterone system, an inter-related endocrine system that plays a significant role in volume
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and blood pressure control (Xie et al., 2023). In response to a drop in blood pressure, or
sympathetic nerve activity in the kidney, renin is released and cleaves off two amino acids
enzymatically to form angiotensin | (ATI), which is cleaved by the angiotensin converting
enzyme (ACE) to form angiotensin 1l (ATII) (Xie et al., 2023). ATII is the main effector
molecule of this system, increasing blood pressure, enhancing renal tubular reabsorption of
sodium and water, and stimulating aldosterone release from the adrenal gland (Benigni et
al., 2010). In addition to being an effective vasoconstrictor, ATII has also been shown to
activate proliferative, pro-inflammatory and pro-fibrotic pathways and stimulates the
production of ET-1 resulting in an increase in oxidative stress (Benigni et al., 2010,
Pollock, 2000, Sasser et al., 2002). These combined effects of ATII contribute to the
development of kidney disease (Navar et al., 1996, Riister and Wolf, 2006, Siragy and
Carey, 2010).

With sustained elevations of blood pressure, the afferent arterioles in the kidney undergo
structural changes and hypertrophy, and intraglomerular pressure results in glomerular
hypertrophy, hyperfiltration, and albuminuria (Bidani and Griffin, 2004, Shankland, 2006,
Folkow et al., 1977). Sustained glomerular hyperfiltration can result in glomerular scarring
and irreversible kidney injury (Bidani and Griffin, 2004, Shankland, 2006, Folkow et al.,
1977, Buffet and Ricchetti, 2012, Heerspink and Gansevoort, 2015).

Kidney disease is diagnosed using estimated glomerular filtration rate (¢eGFR) and
albuminuria, as each independently confer and increased risk of cardiovascular and all-
cause mortality (Levin et al., 2013). Chronic kidney disease is defined as eGFR <60
mL/min/1.73 m2; and/ or albuminuria, defined as an albumin-to-creatinine ratio > 3.0
mg/mmol (Levin et al., 2013). Albuminuria may precede the onset of reduced eGFR, which
makes it appealing as a potential for early detection and treatment strategies for kidney
disease, but this is not a consistent, replicable finding (Lopez-Giacoman and Madero, 2015,
Heerspink and Gansevoort, 2015). The search for more sensitive markers of early kidney
disease has extended to exploration of urinary proteomics with significant progress in the

proteomic analysis of biological fluids, in this case, urine.
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The past decade has seen omics studies contributing to the diagnosis, therapeutic
intervention and prognosis of kidney disease (Wu et al., 2022, Cisek et al., 2016, Good et
al., 2010). Samples derived from urine are non-invasive and easy to collect compared to
other body fluids, and can be used to identify genomic, metabolomic, transcriptomic, and
proteomic biomarkers that are strongly associated with pathophysiologic mechanisms of
disease (Provenzano et al., 2021). Proteomic strategies such as mass spectrometry
combined with liquid chromatography and capillary electrophoresis are used to identify
urine biomarkers involved in early detection of kidney disease and potential disease
pathways that provide insight into the pathogenic mechanisms of disease (Mischak et al.,
2010, Fan et al., 2021, Pontillo and Mischak, 2017a). One such example is a classifier
based on 273 urinary peptides (CKD273) which reliably allows for early detection of
kidney disease and is more sensitive than albuminuria in predicting a decline in eGFR
(Pontillo and Mischak, 2017a).

To date, there is one study from South Africa that has investigated the urinary proteome in
young adults with hypertension (De Beer et al., 2023). This study found that combining 20
peptides into a single classifier resulted in the separation of normotensive and hypertensive
groups with an area under the curve of 0.85 (P<0.001) (De Beer et al., 2023). There are no
published studies from South Africa investigating the urinary proteome in the setting of
hypertension and albuminuria — as an early indicator of kidney injury. In this exploratory
study, we hypothesise that urinary proteomic analysis will identify urinary markers of

kidney disease in hypertensive individuals with albuminuria and well preserved eGFR.

4.3. Methods

4.3.1. Study participants
This case-control pilot study is a sub-study of the African Research Kidney Disease (ARK)

study, a well characterised population-based cohort study of 2021 adults (20-80 years) of
self-identified black ethnicity from Agincourt in the rural Mpumalanga Province, South
Africa (Kalyesubula et al., 2020). Demographic, health, and family history information
were obtained for all participants, with collection of stored urine and blood samples.

Participants did not disclose food or beverage consumption prior to urine collection. From
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the cohort, ninety participants with stored urine samples were selected for proteomic

analysis (Figure 4.1).

ARK study: Participants consented

(N=2,021)
l \ 4
UACR <3 mg/mmol and UACR 23 mg/mmol and
eGFR >60 mL/min/1.73 m? (n=1,739/2,021) eGFR >60 mL/min/1.73 m?(n=233/2,021)
y v
SBP <140 mm Hg and DBP <90 mm Hg SBP >140 mm Hg and/or DBP >90 mm Hg
(n=1,358/1,739) (n=83/233)
4
DM status: Absent (POC glucose <11 DM status: Absent (POC glucose <11
mmol/L) (n=1,333/1,358) mmol/L) (n=70/83)
HIV status: Negative (n=988/1,333) | HIV status: Negative (n=57/70)
Controls (N=60) Cases (N=30)
Confirmed UACR 23 mg/mmol (n=27/30)

Figure 4.1: Flow diagram for this case-control study

ARK, African Research Kidney Disease; DBP, diastolic blood pressure; DM, diabetes mellitus;
HIV; human immunodeficiency virus; POC, point of care; SBP, systolic blood pressure; UACR,
urine albumin-to-creatinine ratio.

The inclusion criteria of this sub-study were participants (cases) with alouminuria (urine
albumin-to-creatinine ratio [UACR] >3 mg/mmol) and hypertension (SBP >140 mm Hg
and/or diastolic blood pressure [DBP] >90 mm Hg, INC7 criteria). The control group
included participants with UACR <3 mg/mmol, SBP <140 mm Hg, and DBP <90 mm Hg.
Individuals with other potential causes or consequences of kidney disease, including
diabetes mellitus and HIV infection were excluded as cases and controls. Diet was not

considered in this study. The control group was matched by age and sex.
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4.3.2. Urine collection and Measurement of eGFR and UACR
Approximately 20-30 ml urine was collected from ARK study participants. Urine samples

were processed and stored at —80°C prior to shipping to the Council for Scientific and
Industrial Research laboratory for proteomic testing (Craik et al., 2023). Serum and urine
creatinine was measured using an isotope dilution mass spectrometry traceable Jaffe
method (Craik et al., 2023). The 2009 Chronic Kidney Disease Epidemiology
Collaboration (CKD-EPI) creatinine equation without adjustment for African American
ethnicity was used to calculate eGFR (ml/min/1.73 m?) (George et al., 2019).
Immunoturbidimetry was used to measure urine albumin concentration (Craik et al., 2023).

The UACR was calculated (mg/mmol) based on this measurement (Craik et al., 2023).

4.3.3. Urinary protein extraction by precipitation
An in-house urinary proteome sample preparation method was used. For each urine sample,

protein precipitation was achieved by adding 1,600 pL ice-cold acetone to 400 pL crude
urine, stored at -32°C for 1 h. The samples were centrifuged at 12,000 g at 4°C for 1 h.
Thereafter, the supernatant was discarded and the pellet was allowed to air dry. The
precipitated protein pellet was resuspended in 100 pL 2% sodium dodecyl sulfate solution
and sonicated for 5 min (Elmi, Riga, Latvia). Dithiothreitol was added to the solution (final
10 mM), and placed on a 70°C heating block for 15 min, and then on a 40°C heating block
for 15 min. The tubes were cooled to room temperature (RT) and iodoacetamide was added
for alkylation (final 30 mM) and kept in the dark at RT for 30 min. The protein sample was
mixed with an equal volume HILIC binding buffer (30% acetonitrile [MeCN]/200mM
Ammonium acetate [NH4Ac]) and kept at RT before it was added to a KingFisher™ deep

well plate.

4.3.4. Automated on-bead digestion using MagReSyn® HILIC
Protein samples were digested on-bead using multimode magnetic microparticles

(MagReSyn® HILIC, ReSyn Biosciences) in a KingFisher Duo™ system (Thermo Fisher
Scientific), as previously described (Nweke et al., 2020, Govender et al., 2023), with minor
modifications. Briefly, magnetic hydrophilic affinity microparticles (20 pl, 200 pg) were
equilibrated in 200 pl 100 mM NHsAc pH 4.5, 15% MeCN. The microparticles were
transferred to a well containing the protein-binding buffer solution and mixed for 30 min at
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RT. The captured proteins were washed twice in 200ul 95% MeCN and transferred to
200ul 25mM ammonium bicarbonate containing 1 pg sequencing grade modified trypsin
(Promega, Madison, USA) and mixed for 4 h at 37°C. Finally, beads were washed in 1%
trifluoracetic acid to elute any remaining bound peptides. The resulting peptides (pool of
digest and eluate) were vacuum dried, resuspended in 2% MeCN, 0.2% FA and quantified
using the Pierce™ Peptide Quantification (Thermo Fisher Scientific) assay as per the

Mmanufacturer’s instructions.

A project specific system suitability-quality control (PQC) sample was prepared by pooling
an equal volume of 16 urinary peptide samples. Additionally, a complex proteome digest
was used as a general system suitability assessment. These PQC samples were injected at

least once with each batch and analysed and processed together with the study samples.

4.3.5. Low pH reverse phase liquid chromatography with mass

spectrometry (LCMS/MS) data acquisition
Individual participant peptide samples (500 ng, single shot) were analysed using a Dionex

UltiMate™ 3000 UHPLC in nanoflow configuration. Samples were inline desalted on an
Acclaim PepMap C18 trap column (75 pm x 2 ¢cm; 2 min at 5 pl/min using 2%
MeCN/0.2% FA). Trapped peptides were gradient eluted and separated on a nanoEase M/Z
Peptide CSH C18 Column (130 A, 1.7 um, 75 um X 250 mm) (Waters) at a flow-rate of
300 nl/min with a gradient of 6-35% over 30 min (A: 0.1% FA; B: 80% MeCN/0.1% FA).

Data was acquired using DIA - or Sequential Window Acquisition of all Theoretical Mass
Spectra (SWATH) using a TripleTOF® 6600 mass spectrometer (SCIEX, Massachusetts,
USA) (Rost et al., 2014). Eluted peptides were delivered into the mass spectrometer via a
Nanospray® I11 ion source equipped with a 20 pm Sharp Singularity emitter (Fossil lon
Technology, Madrid, Spain). Source settings were: Curtain gas - 20, Gas 1 - 16, Gas 2 - 0,
temperature — 0 (off) and ion spray voltage — 2 600 V.

Data was acquired using 64 MS/MS scans of overlapping sequential precursor isolation
windows (variable m/z isolation width, 1 m/z overlap, high sensitivity mode), with a

precursor MS scan for each cycle. The accumulation time was 100 ms for the MS1 scan
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(from 400 to 900 m/z) and 15 ms for each product ion scan (100 to 1 800 m/z) for a 1.06

sec cycle time.

4.3.6. DIA (SWATH) library generation and data extraction
A spectral library was built (from all patient DIA files) in Spectronaut™ 15 software using

default settings with minor adjustments as follows: segmented regression was used to
determine the normalised retention time (iRT) in each run; iRTs were calculated as median
for all runs; the digestion rule was set as “Trypsin” and modified peptides were allowed;
fragment ions between 300 and 1 800 m/z and ions with greater than 3 amino acids were
considered; peptides with a minimum 3 and maximum 6 (most intense) fragment ions were
accepted. This study specific spectral library was concatenated with an in-house generated

urinary proteome spectral library (using Spectronaut™ 15°s “Search Archives” feature).

Raw SWATH (.wiff) data files were converted into Spectronaut™ HTRMS format and
analysed using Spectronaut™ 15. The default settings that were used for targeted analysis
were: dynamic iRT prediction with correction factor for window 1; mass calibration was set
to local; decoy method set as scrambled; the FDR, based on the mProphet approach (Reiter
etal., 2011), set at 1% on the precursor peptide and protein group levels; protein inference
set to “default” which is based on the ID picker algorithm (Zhang et al., 2007) and global
cross-run normalisation on median. The concatenated urinary proteome spectral library
(peptides — 20 616, protein groups — 2 604) was used as a reference for targeted data

extraction.

Following acquisition, data was curated and filtered for sample preparation and/or LCMS

related failures.

4.3.7. Statistical and functional data annotation
For the table of descriptive data, t-tests and a Chi-squared analysis using STATA were used

to compute associations between the case and control group, as appropriate.

Protein abundances were imported into SRplot and log: transformed. Principal component
analysis (PCA) based on protein abundances was performed to assess stratification within

the cohort. A non-parametric t-test was performed to assess the number of proteins that

Page | 84



differed between the case and control group. Statistically significant differentially abundant
proteins between the cases and controls were calculated by a two-sided t-test, with a cut-off

minimum of 2-fold difference and P values adjusted for multiple testing by FDR at 1%.

The differentially abundant proteins were constructed into networks and annotated using
Cytoscape and STRING functional enrichment (Shannon et al., 2003). Enrichment was
considered statistically significant when corrected for multiple testing by FDR with
adjusted g-values <0.05. Additional networks were imported on Cytoscape using public
databases (including Pathway Commons, IntAct, BioMart, and NCBI Entrez Gene) for
hypertension and CKD with a high confidence score of 0.8 (i.e., 80% confidence) and

maximum 200 proteins.

4.3.8. Machine learning
OmicLearn (v1.4) was used for data analysis, model execution, and creation of plots and

charts (Torun et al., 2022). Machine learning was performed in Python (3.10.12).
Spectronaut feature tables were imported via the Pandas package (1.5.3) and manipulated
using the Numpy package (1.24.2). The machine learning pipeline was employed using the
scikit-learn package (1.2.2). The Plotly (5.9.0) library was used to generate plots and charts.
No normalisation on the data was performed. To impute missing values, a Zero-imputation
strategy was used. Features were selected using a ExtraTrees (n_trees=100) strategy with a
maximum number of 20 features. During training, normalisation and feature selection was
individually performed using the data of each split. A repeated (RepeatedStratifiedKFold,
n_repeats=10), stratified cross-validation (n_splits=5) approach to classify the groups was
used. This resulted in total 50 iterations for training the model, each time with 20 features.
The XGBoost-Classifier (version: 1.7.4, random_state=23, learning_rate=0.3,

min_split_loss=0, max_depth=6, min_child_weight=1) was used for classification.

4.4. Results

4.4.1. Study participants
Of the initial 90 participants selected for proteomic analyses, nine were removed due to

poor peptide/protein recoveries and eight were removed due to poor liquid chromatography

separation possibly due to incomplete removal of sample specific contamination during
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sample preparation. Baseline characteristics of the overall ARK study and the 24 case and

49 control participants whose data passed quality control are displayed in Table 4.1.

Table 4.1: Baseline characteristics of participants in the ARK study and this case-

control study

alleles), n (%)

Variable Overall ARK Cases Controls P value?
study (n=24) (n=49)

(N=2,021)
Age (years), mean (SD) 38 (14) 38 (13) 42 (14) 0.255
Sex - Male, n (%) 851 (42) 16 (67) 31 (63) 0.776
BMI Kg/m?, mean (SD) 27 (6) 31 (7) 26 (7) 0.005
eGFR (ml/min/1.73m?),> mean 112 (18) 101 (23) 116 (14) 0.044
(SD)
UACR (mg/mmol), median 0.4 (0.2-1.2) 9.4 (4.5-18.7) | 0.4(0.2-0.7) | <0.001°
(IQR)
Systolic blood pressure mm Hg, | 128 (17) 162 (20) 123 (9) <0.001
mean (SD)
Diastolic blood pressure mm 78 (11) 98 (14) 74 (7) <0.001
Hg, mean (SD)
Hypercholesterolaemia,dn (%) | 465 (23) 9 (38) 13 (27) 0.337
APOL1 low-risk (zero or one 1776 (89) 19 (79) 37 (76)° 0.965
risk allele), n (%)
APOL1 high-risk (two risk 226 (11) 5(21) 10 (20)¢ 0.965

aComparison between cases and controls.

®Measured using the Chronic Kidney Disease Epidemiology (CKD-EPI) equation.
°T-test performed on log-transformed data.
dNon-fasting total cholesterol >5.0mmol/L.
¢Unable to interpret APOL1 status in two controls.
APOL1, Apolipoprotein L1; BMI, body mass index; eGFR, estimated glomerular filtration rate; IR,
interquartile range; SD, standard deviation; UACR, urinary albumin-to-creatinine ratio.

The age and sex distribution of participants was similar in the case and control groups. The

case group had a higher mean body mass index compared to controls, and as expected,
blood pressure and UACR differed between the groups. In addition, apolipoprotein L1

(APOL1) allele distribution was similar between cases and controls.
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4.4.2. Project specific system suitability-quality control
The study specific and commercial system suitability quality controls are shown in

(Supplementary Figure 4.1A-F). The protein co-efficient of variation (CV) was 11.6%
for the HeL a digest system suitability assessment and 18.0% for the urine peptide pool over
the seven days of analysis (Supplementary Figure 4.1A and B). Protein, peptide and
precursor counts were stable throughout the data acquisition process (Supplementary
Figure 4.1C and D). The correlation plots indicate the system was stable with minimal
drift over the course of data acquisition (Supplementary Figure 4.1E and F).

4.4.3. ldentification of proteins by LC-MS analysis
The spectral library represents all possible proteins that are detectable using the LCMS

configuration that was setup for this study. Only a subset of all these are detectable in each
sample hence the average numbers of 915 (£264) proteins in the case group and 1,225
(£227) in the control group (Figure 4.2, Supplementary Figure 4.2). The number of

quantified proteins significantly differed between the case and control groups (P<0.001).

2000- %k %k *k k
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£
3 1000-
o
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Case Control

Figure 4.2: Summary of quantified proteins

The number of proteins quantified post SWATH LC-MS analysis for each sample and grouped per
condition.

LC-MS, liquid chromatography with mass spectrometry.

****Denotes P<0.001 performed using a non-parametric t-test.
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4.4.4. Principal Component (PC) analysis
PC analysis using protein abundances highlighted differential clustering of the two groups

with some overlap (Figure 4.3).
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Figure 4.3: PC (1 and 2) analysis based on protein abundance features

PC analysis using log-transformed protein abundance values indicates clustering of cases and
controls. Orange and blue circles represent cases and controls, respectively.

PC, principal component.

4.4.5. Identification of proteins with significantly different

abundances between cases and controls
Differentially abundant proteins between the cases and controls are shown in Figure 4.4.

Majority of the proteins deemed statistically different in abundances between cases and
controls, were found to have lower abundance in the cases. The full list of differential

protein abundances is shown in Supplementary Table 4.1.
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Figure 4.4: Differential protein abundances between cases and controls illustrated in a

volcano plot

Proteins were graphed by fold change (difference) on the x-axis and significance (—logio P) on the
y-axis using an FDR of 0.01 and a fold-change of 2. Statistical analysis was performed in Perseus.
Orange dots indicate proteins with higher abundances in the cases. Blue dots indicate proteins with
lower abundances in the cases. The top 20 features of the machine learning algorithm are annotated
in red.

FDR, false discovery rate.

4.4.6. Machine learning model
The performance of the machine learning algorithm was evaluated by receiver operating

characteristics analysis with an area under the curve of 0.98 and confusion matrix analysis
where predicted and actual classification closely matched (Supplementary Figure 4.3).
The top 20 features identified from the classifier are shown in Figures 4.4 and 4.5. When
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comparing the top 20 features to the list of 332 differentially abundant proteins identified
(using a Student’s t-test), 16 were found to overlap and four were unique to the XgBoost

algorithm. (Supplementary Table 4.2).
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Figure 4.5: Top 20 features identified from the classifier using the XGBoost algorithm
Gene names for each protein are shown.

4.4.7. Functional annotation of proteins with significantly different

abundances between cases and controls
Three hundred and thirty-two proteins with significantly different abundances between

cases and controls were constructed into a network and annotated using Cytoscape. To gain
more insight on the biological significance of these proteins, STRING enrichment was
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performed. The network was split into sub clusters based on relevant pathways related to
CKD. We identified 112 proteins associated with the immune system (g-value
[FDR]=1.4x10"), and 89 proteins associated with the innate immune system (q=1.1x10"%)
(Supplementary Figures 4.4 and 4.5). Additionally, 17 and six proteins were associated
with extracellular matrix (ECM) organisation (q=0.03) and activation of matrix

metalloproteinases (q=0.04), respectively (Supplementary Figure 4.6A and B).

Using Cytoscape public databases, 14 common proteins were identified between this pilot
case-control study and other studies on CKD and hypertension, as imported from public
databases (Figure 4.6). The size of the circle represents the disease score, where a score of
0 indicates that the protein is not related to the disease and a score of 5 indicates that the
protein is related to the disease. Proteins angiotensinogen (AGT), albumin (ALB), APOL1,
and uromodulin (UMOD) were associated with CKD and hypertension with high disease
scores of 5.0 (100% confidence), 4.0 (80%), 3.9 (78%), and 3.8 (76%), respectively. The
proteins matrix metalloproteinase 9 (MMP9) and TIMP Metallopeptidase Inhibitor 1
(TIMP1) were associated with pathways involved in degradation of the ECM, interleukin
(IL)-4 and 1L-13 signalling, and activation of matrix metalloproteinases.
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Figure 4.6: Common proteins between this case-control pilot study and other studies
on CKD and hypertension, as imported from public databases

The gene names for each protein in the network are shown. Red indicates proteins with higher
abundance in cases while blue represents proteins with lower abundance.

Size of the circle represents the disease score (0 [not related to disease] — 5 [related to disease]). The
closer to 5, the higher the confidence that the protein is associated with CKD and hypertension.
AGT=5.0; ALB=4.0; APOL1=3.9; UMOD=3.8; APOB=3.2; APOA1=3.1; MMP9=2.9; FN1=2.9;
PECAM1=2.7; LCN2=2.7; MPO=2.4; PLG=2.2; TIMP1=2.2; SLC12A1=2.2.

Edges represent protein-to-protein interactions that were selected by default in Cytoscape. Pathways
are annotated on the network using a split donut ring. Orange indicates proteins associated with
degradation of the extracellular matrix; pink indicates proteins associated with IL-4 and IL-13
signalling; green indicates proteins associated with activation of matrix metalloproteinases.

CKD, chronic kidney disease; IL, interleukin.
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4.5. Discussion
This case-control pilot study aimed to identify potential proteins and pathways involved in

hypertension-associated albuminuria by assessing urinary proteomic profiles in black South
African participants with both hypertension and albuminuria compared to those who have

neither condition.

Peptide and protein CVs showed that the methods were reproducible and that the system
and workflow contributed low technical variability. The instrumental drift observed
throughout the data acquisition period was minimal, as shown in the commercial HeLa
digest system suitability data that were acquired from a fresh sample on each day. A larger
drift was observed in the study-specific peptide pool system suitability data; however, this
can be attributed to autosampler-associated degradation as the sample was kept in the
autosampler throughout the data acquisition process. This suggests that most of the
variation observed in the study can be attributed to biological variation. On average, more
proteins (1,225) were quantified in the control group than in the case group (915). Possible
explanations include that a minor difference in the missed cleavage rate (~3%) was
observed between the two groups and several high abundance proteins, such as ALB,
APOL1, apolipoprotein A1 (APOA1), and apolipoprotein B (APOB) are significantly higher
in abundance in the cases ‘masking’ identification of lower abundance proteins, resulting in

fewer quantifications overall.

The majority of differentially abundant proteins were associated with pathways involving
the immune system, innate immune system, extracellular matrix organisation and activation
of matrix metalloproteinases. In the setting of sustained hypertension, high blood pressure
can cause permanent damage to the nephrons through arterial injury and glomerular
ischaemia (Benson et al., 2023). Damage from renal ischaemia can lead to the production
of various inflammatory cytokines that lead to immune cell infiltration and tubular atrophy
(Benson et al., 2023). The latter is supported by Mattson (2014), (Mattson, 2014) who
showed an infiltration of inflammatory mononuclear cells in the arterioles and small
arteries in kidney tissue from patients with hypertension. Enrichment analysis has shown
that pathways related to inflammation and immune response are associated with the

progression of kidney disease (Trudu et al., 2017).
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We identified six proteins associated with the activation of matrix metalloproteinase
(MMPs) pathways. Of these, five had a lower abundance in participants with hypertension-
associated albuminuria. It has been suggested that decreased activity of matrix
metalloproteases may cause an accumulation of proteins in the extracellular matrix leading
to fibrosis, which is one of the features of hypertension-associated kidney disease (Hughson
et al., 2014, Bazzi et al., 2020, Cheng et al., 2006). Most of the proteins (71%; n=12/17)
associated with the ECM organisation pathway were also reduced in participants with
hypertension-associated albuminuria. It has been suggested that the reduced abundance of
ECM organisation proteins may reflect reduced ECM turnover (decreased degradation),
subsequently causing an increased deposit in ECM, resulting in fibrosis (Nkuipou-Kenfack
et al., 2014). Currently, kidney biopsy is the only validated approach to evaluate fibrosis.
The identification of ECM organisation proteins may provide a non-invasive approach to

detect early modifications in the ECM that lead to renal fibrosis.

Fourteen common proteins were identified between this pilot study and public databases on
CKD and hypertension. Proteins including AGT, ALB, APOL1, and UMOD had the
highest disease scores (76—100% confidence) for CKD and hypertension. The PLG protein
has been shown to regulate macrophage migration in inflammation through activation of
the MMP9 protein, which regulates the ability of the cells to migrate across the ECM
(Gong et al., 2008). Therefore, targeting the PLG/MMP9 pathways may lead to regulation
of inflammatory responses in CKD.

In this pilot study, UMOD had a lower abundance in cases with hypertension-associated
albuminuria. Similarly, Ngebelele et al. 2019 found reduced levels of UMOD in black
African individuals with hypertensive-attributed CKD (Ngebelele et al., 2019). Navise et al.
(2023) also found lower levels of UMOD in black African individuals with CKD (Navise et
al., 2023). In addition to its role in ECM remodelling and fibrosis, UMOD has been
involved in regulating ion transport in the kidney (Renigunta et al., 2011). Reduced levels
of UMOD have been postulated to be a result of decreased secretion from damaged tubules
(Prajczer et al., 2010). Results from a mouse model with altered UMOD expression have
shown that the induction of pro-inflammatory signalling is one of the first events that occur
in the kidneys (Trudu et al., 2017). The animal study also showed that the initiation of
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inflammatory signals precedes fibrosis and kidney damage, and possibly plays a vital role

in disease onset (Trudu et al., 2017).

It is important to note that hypercholesterolaemia was present in 38% of the cases in this
study. Several studies have linked apolipoproteins (APOAL, APOB and APOL1) with CKD
(Goek et al., 2012, Zhao and Alberto, 2020, Ma et al., 2019) and hypertension (Nayak et
al., 2016). Moreover, a Mendelian-randomization study identified a causal association
between lipids (including low-density lipoprotein and triglycerides) and kidney function in
individuals of African ancestry (Kintu et al., 2023). It has been postulated that the
association between apolipoproteins and kidney disease may be mediated by the impact of
these lipoprotein particles on the kidney. Apolipoproteins and their associated lipids may
have toxic effects on glomerular cells leading to glomerulosclerosis, which is scarring of
the glomerulus (Kwon et al., 2021). As a result, Kidney Disease: Improving Global
Outcomes (KDIGO) developed guidelines for lipid management in patients with CKD
(Wanner and Tonelli, 2014).

Machine learning enabled us to train a classifier that on average correctly identified cases
with an 88% true positive rate. Additionally, it identified controls with a 97% true negative
rate. This analysis revealed that alpha-1-antitrypsin (P01009) and afamin (P43652) were the
two most important features of the classifier. Studies have shown that alpha-1-antitrypsin and
afamin are potential biomarkers for the diagnosis of early diabetic kidney disease (DKD) and
can predict the decline in renal function (Ning et al., 2020, Kaburagi et al., 2019).
Interestingly, in this pilot study, we have identified DKD markers in normoglycemia
participants who have hypertension and albuminuria, which suggests the generalisability of

the findings.

This is the first study to characterise the urinary proteome in South African individuals with
hypertension-associated albuminuria. This case-control study identified common proteins
with previous studies on CKD and hypertension from other ethnicities, and proteins
associated with DKD, indicating generalisability of the findings to other populations and

diseases. This study contributes to the understanding of pathways involved in
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hypertension-associated albuminuria and suggest opportunities for translation into the

clinical setting.

The results from this study must be interpreted in context of its limitations, which included a
relatively small sample size, consisting of only 73 individuals. All participants are from a
single centre, therefore, results may not be generalisable. The machine learning models
applied in the current study show preliminary data and will require validation in a larger

dataset with blinded data to assess overfitting.

Further research is essential to validate these outcomes in larger cohorts. In addition, the
investigation of other diseases such as DKD and acute kidney injury would help to further

explore generalisability of findings.

4.6. Conclusions
In this pilot study, pathways associated with hypertension-associated albuminuria included

the immune system, innate immune system, ECM organisation and activation of matrix
metalloproteinases. These pathways contribute insights into the pathophysiology (e.g.,
immune cell infiltration, tubular atrophy, and ECM remodelling) of hypertension-related
albuminuria. Additionally, proteins such as AGT, ALB, APOL1 and UMOD had the
highest disease scores (76—-100% confidence) for hypertension and CKD. The urinary
proteomic data combined with the machine learning approach classified disease status and
identified proteins and pathways associated with hypertension and albuminuria.
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4.11. Supplementary material
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Supplementary Figure 4.1: Project specific system suitability-quality control
CV, co-efficient of variation.
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Supplementary Figure 4.2: Dynamic range of proteins quantified
Orange dots indicate cases and blue dots indicate controls. The high disease scoring proteins are
annotated.
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Supplementary Figure 4.3: Confusion matrix following machine learning using the
XGBoost algorithm

Confusion matrix refers to the percentage of samples assigned to each group.
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Supplementary Figure 4.4: Differentially abundant proteins associated with the
immune system

The gene names for each protein in the network are shown. Differentially abundant proteins were
detected at an FDR of 0.01 and a fold-change of 2. Red indicates proteins with higher abundance in
cases while blue represents proteins with lower abundance.

FDR, false discovery rate.
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Supplementary Figure 4.5: Differentially abundant proteins associated with the innate
immune system

The gene names for each protein in the network are shown. Differentially abundant proteins were
detected at an FDR of 0.01 and a fold-change of 2. Red indicates proteins with higher abundance in
cases while blue represents proteins with lower abundance.

FDR, false discovery rate.
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Supplementary Figure 4.6: Differentially abundant proteins associated with
extracellular matrix organisation (A) and activation of matrix metalloproteinases (B)
The gene names for each protein in the network are shown. Differentially abundant proteins were
detected at an FDR of 0.01 and a fold-change of 2. Red indicates proteins with higher abundance in
cases while blue represents proteins with lower abundance.

FDR, false discovery rate.
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Supplementary Table 4.1: Significantly different proteins in the volcano plot

Protein Groups Difference Direction Log g-value
P43652 4,01 Positive 1479
P25691; P78386 3,65 Positive 10,24
Q9Y625 3,03 Positive 9.85
P02787 3,00 Positive 13.76
P02144 2,87 Positive 8.61
P01024 2,58 Positive 7.00
P01009 2,66 Positive 18,70
P02647 2,51 Positive 5,45
Q8WYP5 2,49 Positive 7.59
P02766 2,43 Positive 7,54
P01008 2,38 Positive 10,34
P19823 2,35 Positive 5,40
QIUGMS5 2,23 Positive 6.23
P69905 2,15 Positive 2,55
QINYQ6 2,10 Positive 2.80
P06727 2,07 Positive 421
P00450 2,00 Positive 8.21
P02774 1,99 Positive 9,26
P02748 1,99 Positive 7,57
P02768 1,98 Positive 1099
P00747 1,93 Positive 5.55
P36955 1,89 Positive 7.18
P27169 1,85 Positive 4,34
P00738 1,81 Positive 2,89
P01019 1,80 Positive 5,35
P01860 1,77 Positive 3,08
P08697 1,77 Positive 7.77
P06681 1,76 Positive 6,70
P00739 1,73 Positive 3,73
P18428 1,66 Positive 4,77
P04217 1,64 Positive 517
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Q96KN2 1,50 Positive 510
P07357 1,48 Positive 568
P07360 1,47 Positive 3,36
AOA0C4DH38 1,46 Positive 317
P08185 1,37 Positive 3.76
P28072 -1,15 Negative 4,44
QI9UNT73; Q9Y5H7 -1,16 Negative 4,15
P28070 -1,17 Negative 4,09
P06733 -1,18 Negative 4,79
P60174 -1,21 Negative 501
Q12907 -1,21 Negative 4,45
P04275 -1,22 Negative 413
P05362 -1,22 Negative 3.88
P27930 -1,22 Negative 4,15
Q8TERO -1,22 Negative 6,23
QIHAT2 -1,22 Negative 3,79
000462 -1,23 Negative 553
P05067 -1,24 Negative 4,84
075083 -1,24 Negative 4,40
P16083 -1,26 Negative 3.82
AOA0C4DH25 -1,27 Negative 3.92
Q99497 -1,27 Negative 4,76
000182 -1,28 Negative 3,70
Q15113 -1,29 Negative 4,94
Q08257 -1,29 Negative 4,93
Q99536 -1,29 Negative 3.69
P21709 -1,30 Negative 412
P50395 -1,30 Negative 4,63
Q04760 -1,31 Negative 357
000241 -1,31 Negative 3,57
P68104; Q5VTEO -1,31 Negative 4,58
P40121 -1,32 Negative 6,02
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P41222 -1,32 Negative 3,49
Q9P2B2 -1,32 Negative 5,32
Q16651 -1,32 Negative 4,51
Q14894 -1,33 Negative 4,81
Q9684 -1,34 Negative 5,58
P51148 -1,34 Negative 4.85
Q14393 -1,34 Negative 411
094919 -1,34 Negative 3.39
P11021 -1,34 Negative 4,88
Q96JQ0 -1,34 Negative 4,58
P09619 -1,35 Negative 3,77
Q15223 -1,35 Negative 4,84
Q06830 -1,36 Negative 5,40
P07204 -1,36 Negative 4.16
PO7711 -1,37 Negative 6,11
P13639 -1,38 Negative 4,76
P11233 -1,39 Negative 4,37
Q9H8L6 -1,39 Negative 4.22
P05090 -1,39 Negative 3.94
P38606 -1,39 Negative 3,90
Q96AP7 -1,39 Negative 3,15
Q86T13 -1,40 Negative 5,49
P23526 -1,41 Negative 5,12
Q13332 -1,41 Negative 4,95
P30086 -1,41 Negative 4,22
Q13621 -1,41 Negative 3,45
P23284 -1,42 Negative 4,55
P17174 -1,42 Negative 4,20
Q8WVQ1 -1,43 Negative 6.00
P61970 -1,44 Negative 5,76
P08582 -1,45 Negative 5,80
Q8N3J6 -1,45 Negative 6,53
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P11597 -1,45 Negative 313
P14174 -1,46 Negative 3,53
P52758 -1,46 Negative 3,49
095967 -1,46 Negative 5 46
P55285 -1,47 Negative 4,18
P35555 -1,48 Negative 3,55
Q7Z7MO0 -1,48 Negative 4,99
Q14118 -1,48 Negative 3.66
Q9HCUO -1,49 Negative 4,99
P04156 -1,50 Negative 4.36
Q9Y624 -1,51 Negative 4,05
000757 -1,51 Negative 2,98
P05937 -1,51 Negative 3,67
Q16769 -1,52 Negative 3,44
P12109 -1,52 Negative 5,28
P15941 -1,53 Negative 3,22
060888 -1,53 Negative 3,06
000391 -1,54 Negative 6.36
PODJD8 -1,55 Negative 4,96
Q6UXT71 -1,55 Negative 6,07
P01133 -1,55 Negative 4,05
P12111 -1,55 Negative 4,38
P06396 -1,56 Negative 3.64
Q10588 -1,56 Negative 4,48
Q99983 -1,56 Negative 4.85
P42785 -1,56 Negative 4.36
P19022 -1,57 Negative 3,82
P14618 -1,57 Negative 3,55
075882 -1,57 Negative 5,56
P13645 -1,57 Negative 2,95
AG6NI73 -1,57 Negative 5,77
Q53RD9 -1,57 Negative 4,44
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Q01459 -1,58 Negative 4,02
P29323 -1,58 Negative 6,59
Q92692 -1,58 Negative 4,22
P08572 -1,58 Negative 3,66
P15121 -1,59 Negative 6,18
P00966 -1,59 Negative 2,82
QI9HCNS6 -1,60 Negative 3,51
000115 -1,60 Negative 6,66
Q6UXB4 -1,60 Negative 3,35
095865 -1,61 Negative 3,90
P98160 -1,61 Negative 3,82
Q12860 -1,61 Negative 8,78
Q8WWS52 -1,62 Negative 3,89
P16035 -1,62 Negative 8,09
P10153 -1,62 Negative 3,36
075144 -1,63 Negative 3,72
Q01973 -1,63 Negative 5,42
P35908 -1,63 Negative 3,20
Q9IUNNS -1,64 Negative 4,34
Q07507 -1,64 Negative 4,28
P04899 -1,65 Negative 5,41
P55287 -1,65 Negative 4,26
P56537 -1,66 Negative 5,07
P19440 -1,66 Negative 3,75
P63000 -1,66 Negative 4,48
QIUKU9 -1,67 Negative 5,25
P26992 -1,67 Negative 6,09
P24821 -1,68 Negative 5,45
000592 -1,68 Negative 3,19
P10253 -1,68 Negative 6,72
Q7z3B1 -1,68 Negative 413
P07858 -1,70 Negative 4,99
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P07911 1,71 Negative 5,28
P08294 1,71 Negative 4,92
P19835 -1,72 Negative 4,07
Q9HDA42 -1,72 Negative 2,98
P08571 -1,72 Negative 3,03
Q15375 -1,72 Negative 775
Q9Y2ES5 -1,72 Negative 5,31
Q92859 -1,73 Negative 6,10
Q12805 -1,73 Negative 4,70
P07998 -1,74 Negative 3,02
Q15907 -1,74 Negative 7.36
P01591 -1,74 Negative 3,88
Q15746 -1,74 Negative 3,74
Q9HBBS8 -1,75 Negative 3,18
P05091 -1,76 Negative 4,74
043451 -1,76 Negative 3,86
P05452 -1,76 Negative 4.84
P63092; Q5JWF2 -1,76 Negative 8,03
Q9UBX5 -1,76 Negative 5,63
Q99574 -1,77 Negative 6,23
015197 -1,77 Negative 7.21
P98164 -1,78 Negative 5,99
AO0A075B619 -1,79 Negative 3,21
P08519 -1,79 Negative 2,74
P14543 -1,80 Negative 8,06
P12429 -1,81 Negative 3,26
Q8IULS -1,82 Negative 5,10
Q08174 -1,83 Negative 5,27
QoUIB8 -1,83 Negative 5,14
P43121 -1,84 Negative 7.49
Q8N6CS8 -1,86 Negative 6,47
Q8WZ75 -1,86 Negative 5,74
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Q9UBD6 -1,86 Negative 3,71
P58499 -1,87 Negative 7.58
Q9BXP8 -1,87 Negative 6,15
Q9UBI6 -1,88 Negative 242
Q9Y6R7 -1,88 Negative 247
Q81V08 -1,89 Negative 7.72
P40189 -1,89 Negative 8,51
Q5T011 -1,89 Negative 2,96
P61916 -1,90 Negative 515
075339 -1,90 Negative 5,41
Q03403 -1,91 Negative 3.91
P06703 -1,94 Negative 3.30
043278 -1,94 Negative 10,56
QoUJIX4 -1,95 Negative 271
P05451 -1,95 Negative 2,74
Q7Z3E2 -1,96 Negative 4,84
P54760 -1,97 Negative 9,31
P98172 -1,98 Negative 6,59
Q8IYS5 -1,99 Negative 4,65
P50895 -1,99 Negative 6,86
P12830 -2,01 Negative 557
P11279 -2,02 Negative 5.66
Q14956 -2,02 Negative 4,90
Q15828 -2,04 Negative 2.66
P01833 -2,04 Negative 10,27
P80188 -2,05 Negative 4,43
P02751 -2,05 Negative 6,26
Q96RW7 -2,09 Negative 6,41
Q6UVK1 -2,11 Negative 777
Q9GZX9 -2,13 Negative 3,20
P14384 -2,14 Negative 8,54
000533 -2,15 Negative 7.84
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Q969P0 -2,16 Negative 6,44
Q7KYR7; Q8WVV5 2,17 Negative 5,58
P19961 -2,18 Negative 4,81
Q9P121 -2,22 Negative 8,78
QB6UXG3 -2,22 Negative 3,94
P08174 -2,22 Negative 5,44
QIBX67 -2,22 Negative 5,98
060494 -2,23 Negative 8,65
QIUMR5 -2,26 Negative 8,14
QI96NY8 -2,30 Negative 7,71
095716 -2,32 Negative 6,10
P08637 -2,33 Negative 5,30
P06870 -2,33 Negative 5,05
Q8NFz8 -2,34 Negative 7,58
PODP57 -2,35 Negative 5,12
P54753 -2,37 Negative 12,14
Q8N6Q3 -2,37 Negative 6,42
Q9UN70 -2,39 Negative 8,09
Q14982 -2,42 Negative 8,03
P15328 -2,44 Negative 6,89
P62879 -2,46 Negative 8,12
P78324 -2,47 Negative 8,97
P13987 -2,51 Negative 6,63
P30530 -2,52 Negative 7,16
Q9BQ51 -2,54 Negative 7,30
075594 -2,54 Negative 8,31
Q8NBJ4 -2,85 Negative 7,86
QINYUL; QINYU2 -3,09 Negative 9,70
Q9H299 -3,10 Negative 4,12
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Supplementary Table 4.2: Top 20 proteins identified from the classifier

Common? Unique®
P01009 (SERPINAL) Q9UMRS5 (PPT2)
P43652 (AFM) QIY5Y6 (ST14)
P02768 (ALB) Q12841 (FSTL1)
P78386 (KRT85) 015197 (EPHB6)
P00450 (CP)

QY625 (GPC6)

P01008 (SERPINC1)

P02787 (TF)

P02748 (C9)

P02766 (TTR)

P01833 (PIGR)

075882 (ATRN)

P02774 (GC)

QINYUL (UGGT2)

Q92859 (NEO1)

P14543 (NID1)

Gene names are shown in parentheses.

a0verlap with the list differentially abundant proteins.
®Unique to the machine learning algorithm.

CV, co-efficient of variation.
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CHAPTER 5
5. INTEGRATED DISCUSSION AND CONCLUSIONS

5.1. Study overview
In Agincourt, South Africa, there is an existing burden of infections and an emerging

burden of non-communicable diseases (NCDs) that differs from high-income countries.
Currently, only a few ‘omics research cohorts have been studied in African populations,
and even fewer relating to kidney disease despite the high prevalence and increasing risk
for incident disease with infections and other emerging NCDs. The overall aim of this
doctoral thesis was to assess genetic risk models for kidney disease, and to evaluate the
urinary proteomic profile of individuals with combined hypertension-associated
albuminuria and those who have neither condition in a South African rural setting. The
specific study objectives included (1) conducting a scoping review on the use of ‘omics’ for
early detection of chronic kidney disease (CKD) and prediction of progression; (2)
examining the potential of using summary statistics from three discovery datasets to assess
the predictive accuracy of polygenic scores (PGSs) for CKD and kidney function markers
in an African setting (using ARK as the target cohort); and (3) comparing urinary
proteomic profiles of cases with hypertension and albuminuria to controls to identify
potential proteins and pathways involved in hypertension-associated albuminuria.

For the first objective, a scoping review was undertaken to evaluate existing literature for
potential biomarkers for CKD and to identify gaps in literature. As there are only a few
genomic studies evaluating polygenic risk for CKD in African populations, the second
objective was to assess genetic risk models for kidney disease in individuals from a South
African rural setting. Because of the high prevalence of hypertension (HT) and that HT is
the most common risk factor for CKD in sub-Saharan Africa (SSA), the third objective was
to identify potential proteins and pathways involved in hypertension-associated

albuminuria. The key findings with regards to these objectives are presented in Table 5.1.
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Table 5.1: Key findings with regards to the objectives of the thesis

Objective 1:
To evaluate existing literature for potential biomarkers that
facilitate early detection of CKD and predict its progression,

and identify gaps in literature.

Previous studies, predominantly in African Americans, had highlighted
variants in the non—muscle myosin heavy chain 9 (MYH9) and apolipoprotein
L1 (APOL1) genes that were significantly associated with increased risk of
CKD and non-diabetic end stage kidney disease.

There was good evidence that variants in the uromodulin (UMOD) gene and

the UMOD protein were associated with risk of CKD.

The CKD273 proteomic biomarker panel was identified as a tool for early

detection of CKD and to predict progression.

Literature gaps identified in the scoping review:

o While diabetes is a key risk factor for CKD in most regions of the world,
other regions such as Africa have other risk factors such as HT and
additional contributing factors such as infections. In this regard, there are
relatively few ‘omics studies that focus on HT in the context of kidney
disease in African individuals residing in Africa.

Only one study on African individuals residing in Africa.

Objective 2:
To explore the potential of using summary statistics from
three discovery datasets to develop and to test the predictive

power of PGSs in an African setting

PGSs developed from different ancestries showed poor predictability in
African individuals in this study, explaining less than 1% of the variability in
kidney disease markers (eGFR, UACR, and albuminuria).

A PGS model derived from the transethnic cohort for eGFR explained the
highest variability in eGFR (0.8%) in African individuals in this study.

This genetic risk model for eGFR was significantly associated with HT
(P<0.001), diabetes (P=0.007), and HIV (P=0.001).

Objective 3:
To identify potential proteins and pathways involved in
hypertension-associated albuminuria by assessing urinary

proteomic profiles in black South African participants with

Overall, an average of 1,225 and 915 proteins were quantified in the control
and case groups, respectively.

Pathways associated with hypertension-associated albuminuria were immune
system (g-value=1.4x10"*°), innate immune system (q=1.1x10"3?),
extracellular matrix (ECM) organisation (q=0.03), and activation of matrix
metalloproteinases (q=0.04).
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combined hypertension and albuminuria compared to those

who have neither condition.

Proteins including angiotensinogen (AGT), alboumin (ALB), APOL1, and
UMOD had the highest disease scores (76-100% confidence) for both HT and
CKD

A machine learning algorithm was able to identify a set of 20 proteins that
differentiated between cases and controls. The top protein in the algorithm was
alpha-1-antitrypsin

CKD, chroic kidney disease; HT, hypertension.
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The scoping review (CHAPTER 2) identified research gaps after reviewing the existing
literature (Govender et al., 2021). There was only one genomics study on individuals from
continental Africa, indicating little research in continental African populations despite a
well-established genetic link to kidney disease in individuals with African ancestry
(Apolipoprotein L1 [APOL1]-associated nephropathy). Therefore, in CHAPTER 3, we
assessed genetic risk models for kidney disease in a South African rural setting. The review
identified only a few ‘omics studies that focussed on hypertension-associated kidney
disease, and none in continental Africans. Since HT is most common risk factor in regions
such as Western and SSA, we assessed proteomic profiles in individuals with hypertension-
associated albuminuria in CHAPTER 4.

This doctoral thesis is a sub-study of the South African component of the African Research
Kidney Disease (ARK) study, a population-based cohort of 2021 adults aged 20-80 years
of self-identified black ethnicity from Agincourt in the rural Mpumalanga Province, South
Africa. Genotypic and phenotypic risk factors for CKD are well-characterised in the
Agincourt Health and Socio-Demographic Surveillance System site, making it perfectly
positioned to assess CKD risk in black African individuals. Blood and urine samples from

ARK were used for the genomic and proteomic analyses, respectively.

In CHAPTER 3, PGSs were computed for estimated glomerular filtration rate (eGFR),
urine albumin-to-creatinine ratio (UACR) and albuminuria, assessing the predictive
accuracy of CKD risk based on current algorithms, using GWAS summary statistics (P
values and weighted effect sizes) from three other external studies. Limited transferability
was observed, explaining less than 1% of the variability in kidney disease markers in this
cohort. A PGS model derived from the transethnic cohort for eGFR explained the highest
variability in eGFR (0.8%) in African individuals in this study, and was significantly
associated with HT, diabetes, and HIV.

In CHAPTER 4, the urinary proteomic profiles between cases with HT and albuminuria
and controls who had neither condition were assessed by ultra-high-performance liquid
chromatography coupled with mass spectrometry. We identified the immune system, innate
immune system, extracellular matrix (ECM) organisation, and activation of matrix

metalloproteinases pathways associated with HT and albuminuria. Proteins such as
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angiotensinogen, albumin, APOL1, and UMOD had the highest disease scores for those
individuals with combined HT and albuminuria. A machine learning approach using the

OmicLearn platform was able to identify a set of 20 proteins to classify disease status.

5.2. Implications from the genomics study
The assessment of PGSs for kidney function markers, as investigated in this study

(CHAPTER 3), contribute to the understanding of CKD risk prediction in African
populations, specifically in continental Africa. While we were unable to demonstrate
predictability of kidney function traits using summary statistics derived from continental
Africans, likely due to the small discovery sample size, we showed that a PGS derived from
a large transethnic discovery cohort (~1.2 million individuals) improved predictability
power. This was confirmed by a recent study which showed that a PGS for eGFR derived
from a large transethnic population demonstrated better predictive power in African
Americans and Africans residing in Africa (Hughes et al., 2023). This has implications for
researches actively seeking to determine the genetic risk of CKD in Africa — that large
cohorts are required to accurately capture the complexity of the genetic architecture of
CKD traits in African populations. Such large-scale studies have the capacity to identify
novel genes and variants not found in studies conducted largely on European participants
and provide an opportunity for developing regional PGSs within Africa to address high
genetic diversity within different regions in Africa. Our findings also emphasise the need
for further considerations before PGSs can be integrated into clinical practice, including
validation in African populations, careful tailoring and possibly integrating traditional risk

factors such as age, sex, and comorbidities in the overall predictive score.

The associations between the PGS for eGFR and presence of CKD risk factors (HT,
diabetes, and HIV) also have important implications. Because in the absence of a cure for
CKD, management of risk factors are vital to prevent or delay progression. Treatment with
sodium-glucose cotransporter 2 inhibitors (SGLT-2) and non-steroidal mineralocorticoid
receptor antagonists have been shown to improve kidney function and cardiovascular
outcomes, indicating that blood pressure lowering may play a key role in mediating the

cardiorenal protection (Georgianos and Agarwal, 2023). Furthermore, the use of SGLT-2
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inhibitors have also been shown to improve kidney function in individuals with type 2
diabetes (Rossing et al., 2022).

5.3. Implications from the proteomics study
Apart from our study, there is only one other South African study (from the North-West

Province) that used urinary proteomics to assess kidney function in indiviudals resident in
Africa (Degenaar et al., 2023). This study contributes new knowledge to the understanding
of proteins and pathways involved in hypertension-associated albuminuria in African
populations and addresses the knowledge gap identified by the published review in
CHAPTER 2, that there are relatively few ‘omics studies focusing on HT in the context of
kidney disease in African populations residing in Africa. We demonstrate that while a
large-scale, hypothesis-free approach as conducted in this thesis is useful for identifying
relevant protein markers in certain populations or disease states, it is unable to evaluate
kidney disease risk. This has implications for researchers investigating the pathogenesis of
hypertension-associated kidney disease. The proteins identified in this study can be used to
develop a hypothesis-driven targeted proteomics approach to further characterise disease
pathways that may lead to the development of novel therapeutic approaches and diagnostic

biomarkers.

The study also has implications for public health policy. We have reported that there is an
existing burden of infections (including HIV) and NCDs (including HT and diabetes) in
Agincourt, South Africa. As resources in SSA are limited for treating individuals with CKD
who progress to kidney failure and health care facilities are unable match the need for renal
replacement therapy, public health policy should focus on primary prevention strategies.
With the lack of infrastructure and lack of validated cost-effective screening assays for
CKD in SSA, focus should be on educating health care workers to routinely check blood
pressure and urine dipsticks, which are cost-effective ways of identifying at risk
individuals. Following this, emphasis should be placed on managing the underlying
conditions to prevent progression to end stage kidney disease.
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5.4. Genetic and proteomic associations with CKD risk, and use of

multi-omics approaches
Multiple genetic and environmental factors play a role CKD, making it difficult to identify

the underlying pathophysiologic mechanisms (Kottgen et al., 2022). Although not
examined in this study, other studies have assessed associations between polygenic scores
for kidney function and the proteome. For example, a PGS derived using GWAS summary
statistics from the CKDGen Consortium (N=558,423) and UK Biobank (N=289,432) was
assessed in 8,886 participants of European ancestry in the Atherosclerosis Risk in
Communities study (Yu et al., 2021). This PGS explained 7% of the variance in eGFR, and
was significantly associated (Adjusted P<1.02 x107°) with 108 plasma proteins. Proteins
including cystatin-C (a marker of kidney function), collagen alpha-1(XV) chain, and

desmocollin-2 had the strongest associations with the PGS (Yu et al., 2021).

In another study, a PGS for CKD derived from GWAS summary statistics in participants of
European ancestry was assessed in 3,087 healthy European individuals (Ritchie et al.,
2021). Eight proteins were significantly associated with the PGS for CKD. The PGS-
protein associations consisted of proteins such as cystatin-C and beta2-macroglobulin,
which were previously identified as biomarkers for CKD (Ritchie et al., 2021, Jovanovi¢ et
al., 2003). Explanations for these PGS—protein associations could be that the protein has a
causal role in disease, the protein itself is not causal but the levels of the protein changes in
response to disease processes, or protein levels are associated with a confounding factor
(Ritchie et al., 2021).

A recent large meta-analysis of GWASs of eGFR was conducted in 145,732 individuals of
predominantly African ancestry (~72%) (Hughes et al., 2024). PGSs were derived from
four base GWASs in continental Africans and African Americans (sample size ranging
from 4,246-8,270) and applied to the target population consisting of only African ancestry
individuals (Hughes et al., 2024). The PGSs explained 0.71-8.6% of the eGFR variance in
the target population (Hughes et al., 2024). Furthermore, epigenomic and transcriptomic
analyses were integrated with fine-mapped loci to identify several kidney pathways,

including renal system development, regulation of metanephric glomerular mesangial cell
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proliferation, and kidney development (Hughes et al., 2024). In another study on 16,474
African American participants, a genome-wide eGFR PGS explained 0.24% of the variance
(Vy etal., 2023). In a separate CKD cohort comprising 6,118 individuals with high-risk
APOL1 genotypes, the PGS was significantly associated with CKD (OR=1.44; 95% CI:
1.16-1.80; P=8.8x10*) (Vy et al., 2023).

Multi-omics techniques are now being utilised to enhance our understanding on the
pathophysiology of CKD and account for some of the “missing heritability” (Hill et al.,
2022). However, missing data and correct and timely interpretation through integration
with clinical data are the main challenges in multi-omics integration due to the all
biomolecules not being measured in all samples (Flores et al., 2023). Missing data is a
common challenge in multi-omics approaches and can arise due to budget restrictions, poor
tissue quality, instrument sensitivity, or inadequate sample volume (Flores et al., 2023).
Recently, advancements in artificial intelligence and machine learning have significantly
facilitated the analyses of multi-omics data. A combination of ‘omics with artificial
intelligence have been applied to assess kidney transplant rejection and sub-types of renal
cell carcinoma (Reeve et al., 2017, Kang et al., 2017, Clark et al., 2019, Wei et al., 2021).
Another study used a proteomics-based machine learning approach to separate healthy
participants from patients with CKD with high confidence (97.8%) (Glazyrin et al., 2020,
Grobe et al., 2023).

Over the past decade, technological advancements in next-generation DNA sequencing,
SNP genotyping, and mass spectrometry-based proteomics approaches have significantly
decreased in cost, making large scale ‘omics studies available for the development of
powerful predictive algorithms (Grobe et al., 2023, Pinu et al., 2019). With large-scale
‘omics data generation becoming increasing accessible and affordable, there has been an
increase in multi-omics research (Pinu et al., 2019), although this is not yet common in
Africa.

5.5. Strengths and limitations
The advent of ‘omics technologies and bioinformatics approaches has enabled the

generation and analysis of large-scale data sets, which has led into insights into the
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mechanistic pathways of kidney disease. For example, a study leveraged multi-omics data
to identify cell types, gene targets and mechanisms for kidney disease (Liu et al., 2022).
They identified >500 target genes associated with ~800 GWAS loci for eGFR by
employing a single-cell chromatin co-accessibility analysis. They used single-nucleus
transposase-accessible chromatin with sequencing data and identified that most GWAS
variants for eGFR were located in proximal tubular-specific regions. GWAS analysis
identified the solute carrier family 47, member 1 (SLC47A1) gene as a kidney disease risk
gene. Using single-cell RNA-sequencing data, SLC47A1 expression was restricted to
proximal tubules in the kidney. The causal role of SLC47A1 in kidney disease was further
characterised by phenotypically normal knockout (KO) SLC47A1 mice, highlighting

potential new target for treatment of kidney disease (Liu et al., 2022).

Insights into the potential mechanisms of APOL1-mediated kidney disease have enabled
exploration of therapies for APOL1-associated kidney disease. For example, inaxaplin, a
small molecule inhibitor of the APOL1 channel, has been shown to reduce proteinuria in
patients with APOL1-associated focal segmental glomerulosclerosis in a phase 2 study
(Egbuna et al., 2023). Participants demonstrated a mean decrease of ~48% (95% ClI: 60-31)
in protein-to-creatinine ratio at week 13 following administration of the drug (Egbuna et al.,
2023). Antisense oligonucleotide (ASO) analogues have been shown to alter the expression
of particular RNAs and can modify protein synthesis (Vasquez-Rios et al., 2023). The
safety and pharmacokinetics of an APOL1 ASO (ION532) is currently being assessed in a
first-in-human, single ascending dose, phase 1 study (NCT04269031) (Vasquez-Rios et al.,
2023).

While PGSs are an exciting novel approach that offers insights into the genetic architecture
of complex diseases and correlates well at a population level, it has limited potential in
informing individual risk (Jefferis et al., 2023). CKD is a complex disease, and although a
PGS may be used to detect high-risk genes associated with common pathways in CKD such
as fibrosis, it does not take into account gene-gene interactions or environmental and
lifestyle factors (Jefferis et al., 2023). Studies have shown that the diagnostic and
prognostic performance of PGSs alone are consistently low (Koch et al., 2023). A major
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barrier preventing the translation of PGSs into clinical practice is the difficult interpretation
of an actual PGS value (Koch et al., 2023). For example, a high PGS value does not mean a
high absolute disease risk and vice versa (Jefferis et al., 2023, Koch et al., 2023). Currently,
there is limited evidence on the use of PGSs to guide medical management (Abu-El-Haija
et al., 2023). The PRSice-2 software, which utilises the standard “C+T” approach, was used
for this doctoral work (Choi and O'Reilly, 2019). A key limitation of this approach is
overfitting of the PGS analysis. As the “C+T” approach is based on testing many different
P value thresholds, there is a concern that using the most predictive PGS overfits the target

data, thereby generating inflated results and false conclusions (Choi et al., 2020).

The CKD273 proteomics biomarker panel has been validated as a tool for early detection of
CKD and to predict progression (Pontillo and Mischak, 2017b). The CKD273 classifier
consists of 273 peptides (including collagen fragments, uromodulin [UMOD)], a-1-
antitrypsin, transthyretin and f-2-macroglobulin) that are combined to create a single score
(Good et al., 2010). A CKD273 risk score above the cut-off of 0.154 is used as an indicator
for the early detection of CKD (Lindhardt et al., 2017). The CKD273 proteomics biomarker
panel is obtainable as a commercial in vitro diagnostic test and received a letter of support
from the US-based Food and Drug Administration (Pontillo and Mischak, 2017b).
However, the high cost with the necessary specialised equipment, lack of validity in
continental Africans, and limited infrastructure prevents its implementation in clinical

practice in SSA.

A key theme that emerged during the writing of this thesis was lack of ‘omics studies to
compare findings with in continental African populations. For example, there have only
been three other GWAS for kidney disease/kidney function traits in continental African
populations (Mayanja et al., 2023, Fatumo et al., 2021, Brandenburg et al., 2024). The
relatively modest sample sizes of these three GWAS studies (n=3,288-8,970) may have
impacted the statistical power to detect small-effect associations (Brandenburg et al., 2024,
Fatumo et al., 2021, Mayanja et al., 2023), and may be the reason for the low phenotypic
variance observed in the PGS analyses (Fatumo et al., 2021, Brandenburg et al., 2024). In

addition, there is one study from South Africa that has investigated the urinary proteome in
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young adults with hypertension and no studies investigating the urinary proteomics of
hypertensive-associated nephropathy in continental Africa populations. The sample size of
the urinary proteomics study in young adults with hypertension was also relatively low
(n=157) and not adequate to perform the adjustment for multiple testing, or adjustment for
potential confounding factors (e.g., BMI) (De Beer et al., 2023).

African populations are largely understudied mainly due to lack of resources and a dearth
of skills, and less importance being placed on precision medicine approaches, especially for
NCDs, in Africa. Thus, the lack of infrastructure and equipment to support research and
clinical translation is also contribute to the lack of ‘omics studies in Africa (Omotoso et al.,
2022). Objectives 2 and 3 of this PhD thesis contribute to the generation of genomic and
proteomic data in African individuals, residing in Africa.

The following are required to bridge the genomic data gap in Africa; (1) build a larger
genomic and ‘omic data repositories, (2) develop research capabilities across the continent
by improving research facilities and technical expertise through training, and (3) funding
and global partnerships (Omotoso et al., 2022). Many programs have been established to
enhance scientific research in Africa. These include the H3Africa consortium and The
Developing Excellence in Leadership, Training, and Science in Africa (DELTAS) program.
The H3Africa consortium has established its presence in 30 countries in Africa through a
$176 million grant provided by the U.S. National Institute of Health (NIH) and Wellcome
Trust (H3Africa, 2024). DELTAS is a $100 million US initiative to support the
development of world class researchers and scientific leaders in Africa (Hamdi et al.,
2021). To promote the advancement of proteomics in Africa, several initiatives have
emerged. For example, the Centre for Proteomic and Genomic Research (CPGR) is an
initiative supported by the South African Department of Science and Innovation
Technology Innovation Agency that aims to increase ‘omics efforts in South Africa
(CPGR, 2024).

African-ancestry (including African Americans and the continental African diaspora)
individuals are represented by only ~10,000 participants in research studies, while
European ancestry individuals are represented by more than 500,000 participants in the two

Page | 122



international GWAS discovery cohorts. The small sample size of African ancestry cohorts
in GWAS limits the detection of moderate to low effect variants and transferability of
findings. Biobanks are important for genomics research. Consequently, several national
biobanks have been established to assist scientific research and advance precision medicine.
One such example is the UKBioBank, a large-scale biomedical database that contains
health and genetic information from 500,000 individuals in the UK including ~8,000 with
African ancestry (Bycroft et al., 2018). However, such biobanks are lacking in African
representation. In order to improve African representation in genomic data, some initiatives
have commenced in Africa such as the Uganda Genome Resource and the H3Africa
consortium collaborative centres (Fatumo et al., 2022, Adoga et al., 2014). The main aim of
the African Population Cohorts Consortium (APCC) initiative is to focus on lack of large
population-based data in Africa, by collecting medical, social and environmental
information to assess the health and wellness of individual with African-ancestry s through
an established network of cohorts across Africa (APCC, 2021).

There are many barriers that limit the progress of ‘omics research in Africa. Lack of
infrastructure and a critical mass of skills are major hindrances of research in Africa, with
power/electricity and more recently, water supply of the biggest infrastructural challenges
(Laurance et al., 2015). In addition, the ability to conduct ‘omics research is restricted by
the availability and high cost of the required equipment (Inzaule et al., 2021). Many
countries in Africa lack sequencing equipment and capacity. Despite these challenges,
many programs have been established to enhance scientific research in Africa. They
include the H3Africa consortium, the APCC and The Developing Excellence in Leadership,
Training, and Science in Africa (DELTAS).

5.6. Future considerations
There is high genetic diversity and regional variability in allele frequencies and variants

across Africa (Choudhury et al., 2022, Pereira et al., 2021, Kamiza et al., 2022). Therefore,
future PGS analyses need to include individuals from various regions in Africa to
understand CKD risk across different regions of continental Africa. The Agincourt study

site in Bushbuckridge in northern South Africa, together with the other ARK study sites
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and the AWI-Gen sites in West, East and South Africa can be used to assess CKD risk
across various regions in Africa. Previous GWAS for kidney-related traits in African-
ancestry populations include predominantly African American participants, therefore, the
reported association signals are not simply transferable to African populations, residing in
Africa, and could provide inaccurate risk estimations. It is important for future research to
include larger sample sizes, use genotyping arrays with common African variants, and
larger imputation reference panels from the target populations, to enhance CKD risk
prediction in African populations. The proposed African Population Cohorts Consortium
(APCC) initiative has the potential to address the gap in large African population and make

important contributions to improve health and well-being in Africa (APCC, 2021).

There have been significant advancements in PGS methods to address the transferability
gap. These methods are mainly based on ensembling and leveraging multi-ancestry and
multi-trait data to detect more likely causal variants (Xiang et al., 2024). Ensembling-based
techniques incorporate several sets of GWAS data from multiple diseases/traits or multiple
ancestries to generate a better set of variants and weights for the PGS calculation (Xiang et
al., 2024). An example of this technique is PRS-CSx, which is an extension of the
continuous shrinkage models (Ruan et al., 2022). PGSs based on causal variants may result
in improved prediction performance, as these variants are similar across ancestries (Xiang
et al., 2024). Given that causal variants may have relevant biological functions, this data
can be utilised as biological priors to generate a better set of variants and weights for the
PGS analysis (Xiang et al., 2024). A variety of methods have been shown to improve the
transferability across ancestries using annotation/biological information. These methods
include LDpred-funct (Marquez-Luna et al., 2021), PolyPred (Weissbrod et al., 2022), and
BayesRC (MacLeod et al., 2016). Future work could assess the aforementioned methods to
improve the prediction across ancestries. Furthermore, a meta-analysis using summary
statistics from the trans-ethnic and AWI-Gen eGFR GWASs in CHAPTER 3 could be

performed to potentially increase the variance for eGFR.

Gene-protein interactions should also be investigated to provide a comprehensive

understanding of CKD pathophysiology. A combination of ‘omics approaches (e.g.

Page | 124



genomics and proteomics) have been previously shown to provide insights into
understanding the pathophysiology of CKD (Yu et al., 2021, Ritchie et al., 2021). In
addition, future work can assess the value of combining a PGS together with the proteomic
profile in risk prediction for CKD.

The integration of multi-omics technologies can be utilised to identify cell types, prioritise
disease-risk genes, and understand pathophysiology of disease. For example, a combination
of genomics and transcriptomics provides a way characterise transcriptomic changes in
specific cell types that are linked to risk variants in specific genes, and could provide
insight to the underlying mechanisms of diseases (Liu et al., 2022). Another multi-omics
study identified 1,038 genes and 479 GWAS association signals associated with blood
pressure through an integrated analysis of genomic, transcriptomic and epigenomic data
(n=430) (Zhou et al., 2023). They used kidney-associated SNPs as genetic instruments in
Mendelian Randomisation studies to identify casual effects of blood pressure on kidney
disease. This provided evidence that genetic effects on blood pressure is mediated by the
kidney (Zhou et al., 2023).

Recently, single-cell multi-omics technologies have been introduced to simultaneously
assess one or more omics applications in a single cell (Wen et al., 2022). The development
of a single cell sequencing approach initially focused on transcriptome profiling, however,
there have been a rapid growth in adopting sequencing assays and proteome profiling at the
single cell level (Tang et al., 2009, Pregizer et al., 2023). There have been significant
developments in single-cell sequencing approaches which have permitted the study of
specific cells obtained from kidney biopsies, urine and blood, highlighting cellular
signatures of inflammation, cell injury, and fibrosis in numerous kidney diseases (Pregizer
et al., 2023). These cellular signatures provide a more comprehensive understanding of
disease pathophysiology and may enable development of therapeutic targets (Pregizer et al.,
2023).

5.7. Conclusions
The findings from this doctoral thesis contribute to a better understanding of kidney disease

risk prediction; and proteins and pathways involved in hypertension-associated albuminuria
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in African populations, and may inform the development of personalised treatment
strategies. While Africa is advancing in the field of ‘omics, there is still significant progress
to be made. The small samples sizes are one of the major limitations of ‘omics research in
African populations. However, several initiatives have commenced to increase African
representation in ‘omics data and address the gap in large population-based data from the

African continent.
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Proteomic insights into the pathophysiology
of hypertension-associated albuminuria: Pilot
study in a South African cohort
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Abstract
Background Hypertension is an important public health pricrity with a high prevalence in Africa It is also an
independent risk factor for kidney outcomes. We aimed to identify potential proteins and pathways imvolved in
hypertensicn-associated albuminuria by assessing urinary protecmic profiles in bladk Sowth African partidipants with
combined hypertension and albuminuria compared to those who have neither condition.
Methods The study included 24 South African cases with both hypertension and albuminuria and 49 control
participants who had neither condition. Protein was extracted from urine samples and analysed using ultra-high-
performance liquid chromatography coupled with mass spectrometry. Data wene generated using data-independent
acquisition {DIA) and processed wsing Spectronaut™ 15, Statistical and functional data annotation were performed on
Perseus and Cytoscape to identify and annotate differentially abundant proteins. Machine learming was applied to the
dataset using the OmicLeam platform.
Results Cverall, a mean of 1,225 and 915 proteins were quantified in the control and case groups, respectively.
Three hundred and thirty-two differentially abundant proteins were constructed into a network. Pathways associated
with these differentially abundant proteins included the immune systern (g-value [false discovery rate] = 1.4 1079,
innate immune systen (g = 1.1 10-%%), extracellular matrix (ECM) organisation {g=003) and activation of matrix
metalloproteinases (g =0.04). Proteins with high disease scores (76-100% confidenice) for bath hypertersion and
chrenic kidney disease included angiotensinogen (AGT), albumin {ALE), apolipoprotein L1 (APOL1), and uromodulin
(UMOD). & machime learning approach was able to identify a set of 20 proteins, differentiating between cases and
controls.
Conclusions The urinary proteomic data combined with the machine kaming approach was able to classify dissase
| status and identify proteins and pathways associated with hypertension-associated albuminuria.
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