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Abstract
Background

The continuous growth in prevalence of type 2 diabetes mellitus (T2DM), currently
reaching epidemic proportions, along with the demographic shift towards an ageing
population, means that the incidence of diabetes-related co-morbidities is also rising
rapidly. One of the most common of such health conditions is chronic kidney disease
(CKD), affecting approximately a third of people with T2DM. Both CKD and T2DM are
long-term conditions, which are heterogeneous and complex. Affected individuals face
a high risk of progression and development of further complications, which can
negatively impact on quality of life as well as increased healthcare costs. One issue is
that the early stages of CKD are symptomless, thus early kidney function decline that

eventually progresses to CKD is often undetected.

Aims
To explore metabolomic profiling as a novel means to identify prognostic markers
associated with the risk of declining renal function in people with T2DM and to

undertake prediction modelling incorporating such markers.

Methods

(1) Scoping review: | systematically searched the primary literature (up to February,
2024) for observational studies in humans that investigated metabolomic profiles in
blood and urine using high-throughput analysis to identify biomarkers associated with

renal function decline.

(2) Secondary data analysis: Using data from the Edinburgh Type 2 Diabetes Study
(ET2DS), a prospective cohort study of 1,066 men and women aged between 60 and

75 years in 2006/7, | undertook both cross-sectional and prospective analyses.

Main outcome measures: i) Cross-sectional analysis: CKD diagnosis based on serum
creatinine-based estimated glomerular filtration rate (¢GFR) < 60 ml min~' (1.73 m)™
on at least two occasions, three months apart, during the two-year period up to and
including baseline. ii) Prospective analysis: CKD onset defined as eGFR <60 ml min~"
(1.73 m)? on at least two occasions, three months apart during follow-up and
representing at least a 25% change from baseline eGFR. Additional outcomes for
prospective analyses were the annual rate of change in e GFR as percentage and rapid
decliners, defined as participants with annual change in eGFR of at least -5%.



Metabolomics panel: The metabolomics panel, applied at baseline to ET2DS
participants, was developed by Nightingale Health Ltd. The metabolomic markers
(n=149 concentrations of individual metabolites and n=79 derived ratios) were
quantified from blood serum using high-throughput proton nuclear magnetic
resonance spectroscopy platform. Metabolite levels were log-transformed and

standardised (mean= 0, standard deviation = 1) prior analyses.

Prediction study: For prediction of 5-year CKD, 100 repeats of Cox least absolute
shrinkage and selection operator (LASSO) were used to select metabolites as
components for a multi-marker score. The predictive performance of the metabolites-
based score (MetS) was assessed in relation to a reference score, a published risk

prediction model for incident CKD consisting of clinical risk factors.

Results

The scoping review of published literature revealed an array of metabolites which have
been found previously to be associated with renal function decline. Most studies used
univariable statistical methods with adjustment for clinical variables and multiple

testing correction to evaluate associations.

At ET2DS baseline, mean eGFR was 77.5 (ml min~! (1.73 m)™2, N=1058) and 216
individuals had evidence of CKD. Of those without CKD, 155 developed CKD over a
median 6.7-year follow-up [inter-quartile range: 6.4, 7.1]. In cross-sectional analyses
using baseline data, 88 metabolites were significantly associated with eGFR [Bs (95%
Cl) ranged from -3.95 (-4.92, -2.92) to -1.19 (-2.25, -0.13) for negative associations
and 3.53 (2.44, 4.62) to 1.17 (0.12, 2.23) for positive associations; all Pror< 0.05].
Very low-density lipoproteins (VLDL), triglycerides, amino acids, glycoprotein acetyls,
and fatty acids showed inverse associations with eGFR, while cholesterol and
phospholipids in high density lipoproteins (HDL) exhibited positive associations.
Following prospective analysis, it was found that isoleucine, apolipoprotein A1 and
total cholines were not only associated with baseline kidney measures, but also
showed stable, nominally significant association with incident CKD and rapid decline.

In risk prediction analysis, 18 metabolites relating to lipoproteins, glycolysis, ketone
bodies, inflammation and amino acids were selected as components for the multi-
marker score, MetS, which showed positive association with incident CKD over 5

years after adjustment for traditional CKD risk factors [hazard ratio 2.21, [1.71, 2.84],
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P=8.62*10-"]. The independent validation of the published risk prediction model that
was later used as the reference model, revealed c-statistic was 0.80 (95%CI 0.76,
0.84) which increased modestly to 0.84 (95%CI 0.80, 0.87) for the reference model
combined with the MetS. Compared with the reference model, the net reclassification
index and integrated discrimination index were 0.61 (95%CI 0.30, 0.81) and 0.06
(95%CIl 0.02, 0.11, p=0.01) respectively, indicating modest improvement in

reclassification of events and non-events.

Conclusion

This study revealed widespread changes within the metabolomic profile of CKD in
people with T2DM, particularly in lipoproteins and their lipid compounds. | identified a
smaller number of individual metabolites which specifically associated with incident
CKD and decline in kidney function. Further investigation in additional studies will be
needed to confirm the longitudinal findings and explore if the metabolic signals at
baseline may be informative of mechanisms underlying the development of CKD.
Furthermore, | found a sparse set of metabolites that could potentially enhance
predictive accuracy for CKD risk in individuals with T2DM beyond the conventional risk
factors. Additional research, including external validation, will be required before
making definitive conclusions which may ultimately lead to clinically-relevant

recommendations for the prediction and management of CKD in T2DM.

Lay summary

In recent years, the number of people with type 2 diabetes has been steadily
increasing, and this condition is becoming more widespread, especially as our
population ages. Unfortunately, type 2 diabetes often comes with other health
problems, and one of the most common issues is chronic kidney disease (CKD), which
affects about a third of individuals with type 2 diabetes. Both type 2 diabetes and
kidney disease are long-term and complex conditions that can worsen over time,
affecting quality of life and increasing healthcare costs. A significant challenge is that
kidney problems in diabetes can develop silently without any noticeable symptoms in
the early stages. This means that the decline in kidney function can go unnoticed until

it becomes a more serious issue.

The goal of this research is to use a new approach called metabolomic profiling to find

metabolites (markers found in blood) that can predict the risk of declining kidney



function in people with type 2 diabetes. To do this, | looked at existing scientific

literature and also analysed data from a group of people with type 2 diabetes in the
Edinburgh Type 2 Diabetes Study (ET2DS). | wanted to see if adding specific

metabolites to traditional risk prediction models could improve their ability to predict

kidney problems in people with type 2 diabetes.

Here are the key findings:

| reviewed previous studies and found that certain metabolites (small molecules
in the body) were linked to kidney function decline. These metabolites included
amino acids and lipids.

In the ET2DS cohort, | examined the metabolomic profiles of over a thousand
participants. | discovered that several metabolites were associated with the
participants' baseline kidney function. Some metabolites, were linked to lower
kidney function, while others, were associated with better kidney function.

| then created a multi-marker score using 18 metabolites related to various
metabolic processes. This score was found to be positively associated with the
development of CKD over five years, even after accounting for traditional CKD
risk factors. This means that these metabolites could help predict the risk of
CKD in people with type 2 diabetes.

However, it is important to emphasise that more research is needed to validate

these findings in other studies before making any definitive recommendations.

In summary, this study discovered significant changes in the metabolomic profile

of CKD in people with type 2 diabetes, particularly in lipoproteins and their related

lipid compounds. | identified specific metabolites that could be used to predict the

risk of kidney problems, but more research is needed to be certain. | hope that in

the future, these findings can help improve the early detection of kidney problems

in people with type 2 diabetes.
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Chapter 1. Introduction: chronic kidney disease, type 2

diabetes mellitus and biomarkers

This chapter presents the rationale for this thesis, including the importance of studying
chronic kidney disease (CKD) particularly in people diagnosed with type 2 diabetes
mellitus (T2DM). The first part of the chapter provides an overview of CKD including a
description of clinical measures relevant to kidney function evaluation and description
of diagnosis and screening in nephrology to provide context for the adapted definitions
in this thesis. Additionally, it describes the relationship between CKD and diabetes and
delves into the consequences of CKD, including the risk of cardiovascular disease,
and renal failure. The second part of the chapter focuses on the concept of risk
prediction modelling and provides background on its applications in the field of
nephrology, including an overview of available risk prediction models for new onset
CKD. The final part of the chapter introduces the advancement of analytical tools that
have enabled high-throughput analysis of metabolites in biological systems, leading
to the establishment of metabolomics as a field within biomarker research. This section
highlights the importance of metabolomics for improving prediction of kidney-related

outcomes, as well as enhancing our understanding of the disease aetiology.

1.1 Chronic Kidney Disease

1.1.1 Global burden of chronic kidney disease

Chronic kidney disease (CKD) has emerged as a significant contributor to morbidity
and mortality in the 215t century. By 2017, the global prevalence of CKD was estimated
to be approximately 11-13% (Hill et al., 2016), affecting an estimated 843.6 million
individuals (Jager et al., 2019). It is expected that the burden of CKD will continue to
increase in the coming years, primarily due to the global ageing population and the
rising incidence of CKD accelerators such as hypertension, obesity, and T2DM
(Glassock et al., 2017, Darlington et al., 2021). For example, the projections in the
United Kingdom (UK) anticipate a 1% increase in CKD prevalence by 2025, affecting
14% of the adult population (Garcia Sanchez et al.,, 2021). These forecasts also
suggest a shift in the composition of CKD patients, with a projected 7% increase
(relative to the total CKD population) in the more advanced stages compared to the
overall CKD population in the UK.
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Since CKD is often diagnosed based on estimated GFR (eGFR), factors affecting
eGFR, particularly age, significantly impact prevalence estimates. As individuals age,
eGFR declines due to age-related muscle mass loss, which can mask reductions in
kidney function even when serum creatinine levels remain stable. A meta-analysis by
Hill et al. showed a linear increase in CKD prevalence with age, ranging from 13.7%
in those aged 30- 40 to 27.9% in individuals over 70. Similarly, U.S. data from 2015-
2016 found CKD stages 1- 4 present in 5.6% of people aged 20-39 and 44% in those
over 70. While the clinical significance of early-stage CKD (stage 3a) caused solely by
aging is widely debated, its high prevalence among older individuals underscores the
importance of monitoring the rate of decline. In other words, if an older person’s kidney
function declines very slowly, they are unlikely to reach severely low kidney function
before natural death, unlike those whose kidney function deteriorates more rapidly
over a short period. Furthermore, regions with ageing population and higher death
rates attributed to CKD, adjusted for age and population, showed that CKD caused by
diabetes, and to a lesser extent by hypertension and other causes, was more common

than expected based on population growth and aging alone (Xie et al., 2018).

Global burden of disease study revealed that in 2017, approximately 1.2 million deaths
were attributed to CKD-related conditions (Collaboration, 2020). Consequently, CKD
has become the 12th leading cause of death out of 133 major health conditions,
surpassing the number of deaths caused by HIV or tuberculosis (Collaborators, 2018).
The most comprehensive analysis of trends in the burden of CKD stages G3-G5
across global regions and countries comes from the Global Burden of Disease study,
which analysed data from 1990 to 2016 (Xie et al., 2018). The results showed that the
leading cause of CKD-related mortality was CKD due to diabetes mellitus, followed by
CKD caused by hypertension and glomerulonephritis. Overall, CKD is a highly
prevalent condition that is increasingly recognized as a global public health concern
(Collaboration, 2020).

1.1.2 Definition of chronic kidney disease

In general, CKD is a long-term condition characterised by a gradual decline in kidney
function (Go et al., 2004), which reduces kidney ability to fulfil its vital function of
filtering blood (kidney function illustrated in figure 1-1) . The onset of the disease
involves a spectrum of functional and structural changes. More than a dozen

pathophysiological mechanisms underlying CKD have been suggested, including
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hyperactivity of the renin—angiotensin-aldosterone system, endothelial dysfunction,

dyslipidaemia, modification of the purinergic system, activation of myofibroblasts and

inflammation (Gajjala et al., 2015).

renal artery

1. Unfiltered blood enters
the kidney through the

2.1 Nephrons: Glomerulus

The blood is filtered across
capillary wall > Filtrate:
water soluble molecules,
wastes, and water.

2.2 Nephrons: Tubule

Filtrate enters tubule via Bowman’s
capsule> tubular fluid moves
along the tubule

2.3 Electrolyte and fluid balance is
maintained by: Blood vessel -
reabsorbs - almost all water,
minerals and nutrients; Excretes -
remaining fluid and wastes >

5. Filtered blood leaves
the kidney via renal
vein

4. Urine exists the kidney
via ureter—> bladder

collected as urine

3. Urine drains into central
collection channel from
filtration areas within the
kidney

Figure 1-1 lllustration of kidney function to remove waste and extra water from the blood via

nephrons*

*Nephrons are structural components of the kidney which consist of glomerulus, described as clusters

of capillaries, which act as filtration barriers and tubules, which are ducts that run along the blood

vessels and allows reabsorption and excretion of fluids.

21



The National Kidney Foundation's Kidney Disease Quality Outcome Initiative (NKF-
KDOAQI) formulated the initial conceptual framework for CKD in 2002 (Levey et al.,
2002), encompassing key elements to describe the condition, including the definition,
staging, expected outcomes, treatment modalities, and factors that increase the risk
of CKD development, progression, and complications. Subsequently, these concepts
were endorsed by KDIGO (Kidney Disease: Improving Global Outcomes) on a global
basis in 2005 (Levey et al., 2005) and were refined to incorporate the latest evidence
in 2012 (Levin et al., 2013, Levin and Stevens, 2014). The medical and public health
communities recognised these guidelines and applied the approach for CKD
prevention and management in the United States (Levey et al., 2009a), Europe
(Verbeke et al., 2014) and the UK (Carville et al., 2014).

In brief, the conceptual model of CKD defines kidney failure or end-stage renal disease
(ESRD) as the terminal stage of CKD, establishing connections with preceding stages
(Levey et al., 2009b). According to this concept, ESRD is preceded by a decline in the
glomerular filtration rate (GFR), which, in turn, is preceded by kidney damage. The
progression of CKD typically spans a considerable duration, commencing with a
prolonged latent period, during which kidney decline is symptomless and may remain
undetected. The later stages that follow are accompanied with emergence of
symptoms, driven by complications stemming from reduced kidney function (e.g.,
hypertension, uremic symptoms, anaemia) (Bello et al., 2017). Hence, it should be
feasible to identify and diagnose CKD before it progresses to ESRD by screening for
markers of kidney function and/or damage. This model underscores the gradual nature
of CKD, suggesting that the pace of progression varies among individuals and may
depend on the presence of comorbidities (such as prevalent cardiovascular disease
(CVD) or diabetes mellitus).

Importantly, not all patients with CKD progress to the advanced stages, thus, a
diagnosis of CKD does not guarantee the eventual development of kidney failure.
Interventions administered in the earlier stages may serve to decelerate the kidney
function decline or even avert the progression. This highlights the importance of
predicting the risk of new-onset CKD and identify those at greatest risk of progressive
decline in kidney function in order to enable timely implementation of lifestyle and

therapeutic interventions that aim to prevent further decline and complications.
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1.1.3 Staging of chronic kidney disease

The definition of CKD used in this thesis is based on the updated guidelines developed
by KDIGO (Levin et al., 2013). In these guidelines, CKD is a term used to describe
heterogeneous disorders that irreversibly affect kidney structure and/or function for
more than three months. It is defined as decreased kidney function determined using
measures or estimates of GFR and/or the presence of kidney damage markers such
as albuminuria (excess protein in the urine) or the presence of structural changes,
such as polycystic kidneys. The disease development and progression are usually
classified into five stages based on the level of kidney function and/or kidney damage,
as shown in table 1.1 and described below (Levey et al., 2002, Levey et al., 2003).
The staging approach allows healthcare providers to assess the severity of the

condition and determine appropriate treatment and management strategies.

Table 1-1 Kidney Disease Outcomes Quality Initiative (K/DOQI). Guideline used for the
classification of standardised stages for CKD (Levey et al., 2003).

Stage Description

G1 Normal GFR (> 90 mL/min/1.73 m?) with other evidence of chronic kidney damage

G2 Mild impairment: GFR 60 to 89 mL/min/1.73 m? with other evidence of chronic kidney damage
G3 Moderate impairment: GFR 30 to 59 mL/min/1.73 m?

G4 Severe impairment: GFR 15 to 29 mL/min/1.73 m?

G5 ESRD: GFR < 15 mL/min/1.73 m?

A1 Normal to mildly increased ACR: < 3 mg/mmol / <30 mg/g

A2 Moderately increased ACR: 3 - 30 mg/mmol /30 to 300 mg/g

A3 Severely increased ACR: > 30 mg/mmol/ exceeding 300 mg/g

Abbreviations: GFR, glomerular filtration rate; mg/g, milligrams per gram of creatinine; mg/mmol,
milligrams per millimolar of creatinine.

The level of kidney damage indicated by albuminuria may play a role in CKD, which is
defined as the presence of excess albumin (protein) in the urine (Levin et al., 2013).
The stages based on albuminuria start with normal albuminuria, which is characterised
by a normal level of albumin in the urine. Kidney function is usually normal at this
stage. The stage A1 or mildly increased albuminuria, indicates a modest increase of
albumin in the urine. It is an early sign of kidney damage and is often a precursor to
more severe CKD, especially when accompanied with reduction in GFR. The
penultimate stage (A2) indicates severely increased albuminuria, which signifies a

significant increase in albumin in the urine. Kidney damage is more pronounced, but
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generally patients would not notice symptoms due to this level of albuminuria alone.
The final stage, A3 is characterised by extremely high levels of albumin in the urine,
often exceeding 3,500 mg/g. It is a sign of severe injury to the glomerular filtration
barrier and may be associated with conditions like nephrotic syndrome, which includes
a triad of proteinuria (the loss of significant amounts of protein in the urine), low serum
albumin and the presence of swelling. This classification is often used in conjunction

with the GFR measurements to assess the severity of CKD and guide treatment.

The CKD stages based on GFR, which is the main indicator of the disease severity.
During early stage G1, there may be evidence of kidney damage, such as the
albuminuria or abnormalities in kidney imaging. However, the GFR remains relatively
normal (just below the normal range of 100-120 mL/min/1.73m2), indicating that the
kidneys are still functioning well. Stage G2 is associated with a slight reduction in GFR,
but the kidneys are still functioning effectively, and many people in this stage would
not experience noticeable symptoms. As kidney continues to decline and reaches a
moderate reduction or stage G3 (split into two sub-categories - a and b), which is
associated with an increased risk of complications, such as high blood pressure and
anaemia. Severe reduction in GFR is classed as stage G4, which is associated with a
significant decline in kidney function. Individuals in this stage often require medical
intervention and may be referred to a nephrologist for specialised care. Complications
such as development of CVD are more likely (Go et al., 2004). The final stage G5,
indicates the most severe form of CKD, also known as ESRD or kidney failure. Due to
severely compromised kidney function, the kidneys can no longer effectively filter
waste and excess fluids from the body. Patients with CKD stage G5 often require

dialysis or a kidney transplant to survive.

As discussed before, the kidney decline is irreversible, so prophylactic intervention
using preventative strategies, before significant kidney decline and emergence of
complication is advantageous. Thus, the stage G3a is the point of interest for the
purpose of this thesis as it marks the onset of symptomatic disease and predicting this
stage, would enable early interventions that prevent or reduce the rate of the
progression of kidney decline, which ultimately results in disease progression. In
addition, stage A1 also marks the onset of disease according to the KDIGO guidelines,
so this definition will also be included when defining the CKD status in some of the

analyses carried out for the purpose of this thesis.
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1.1.4 Clinical and economic burden of chronic kidney disease

Once the GFR drops below 60 ml min~' (1.73 m)2 (CKD stage G3a), the deterioration
of the kidneys is considered advanced and often coincides with increased risk of
metabolic complications as well as cardiovascular-related outcomes, including heart
failure, lower extremity amputations and mortality (Levey et al., 2003, Levey et al.,
2005, Yang et al., 2011, Levin and Stevens, 2014, Matsushita et al., 2022). Moreover,
decreased kidney function is a major risk factor for hospitalisations (Go et al., 2004,
Gansevoort et al., 2013), cognitive dysfunction (Etgen et al., 2012), as well as a poor
quality of life (Yapa et al., 2023). As a result, CKD diagnosis is accompanied by high

clinical burden and healthcare costs.

The annual cost of CKD management for the National Health Service (NHS) in
England (between 2009-2010) was approximately £1.45 billion, with 50% used for the
treatment of ESRD, while the remaining funds were spent on primary care costs, such
as hypertension treatment (Kerr et al., 2012). More recently, an evaluation of
healthcare resource use in patients in the UK showed that the mean annual per-patient
costs (between 2008-2020) varied from £4966 (CKD stage A1) to £9196 (CKD stage
A3) and from £4997 (CKD stage G2) to £7595 (CKD stage G5) (Pollock et al., 2022).
Costs for each healthcare resource generally rose with increasing CKD severity, as a
result of additional hospitalisations, outpatient visits, critical care, general practice
visits, emergency room visits, and ambulance use. Furthermore, individuals with CKD
who also have comorbid T2DM and/or CVD incurred even higher expenses than those
with CKD alone, again primarily due to higher hospitalisation rates and outpatient
visits. On the whole, the average healthcare costs, regardless of the CKD stage,
amounted to £6,149 per person per year for individuals diagnosed with both CKD and
T2DM, compared to £5,076 for those with CKD only. Considering the projected rise in
the prevalence of T2DM (Saeedi et al., 2019), it is expected that the occurrence of
CKD and associated co-morbidities will further increase the burden on the healthcare
system. This health economic data further highlights the importance of predicting early
kidney function decline, as it allows for the introduction of interventions that may slow
the decline and, in turn, reduce risk of complications which are associated with higher

healthcare costs.

The prevalence of ESRD is also on the rise, particularly among individuals with

diabetes mellitus, with up to half of people with diabetes-related CKD being affected
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(Tuttle et al., 2014, McCullough et al., 2019, Cheng et al., 2021). Managing patients in
the final stages of CKD places an additional significant financial burden on the NHS.
In 2017, National Institute of Health and Care Excellence (NICE) estimated that each
patient costs £30,591 per year for dialysis (NationalGuidelineCentre, 2017), and an
initial cost of over £27,000 for kidney transplantation (NHS, 2021). Notably, the
expenses associated with dialysis alone exceed six times the total healthcare costs
for individuals in earlier CKD stages. These substantial costs highlight the advantages
to the economy and healthcare system of early detection of CKD and proactive

management, aimed at delaying the progression to the advanced stages.

In addition to the significant healthcare burden, CKD has a substantial impact on the

quality of life and daily well-being, as described by four key themes (Yapa et al., 2023):

i) The first theme relates to the physiological experience of deteriorating
kidney function. Patients become acutely aware of changes in their bodies,
such as fatigue and during the more advanced stages the loss of appetite,
swelling and shortness of breath. They also experience shifts in mental well-
being, often accompanied by anxiety or depression, stemming from the CKD
diagnosis and the physical symptoms that hinder their ability to perform

everyday tasks.

ii) The second theme, titled as 'Changes in Everyday Life,' suggested that CKD
prevents patients from engaging in daily physical activities and participating
in social events. In some cases, these changes can have a direct impact on
family dynamics, including employment loss and financial hardship, as well

as the need for frequent travel to renal clinics.

iii) 'Adapting to a Different Everyday' is the third theme, which highlights the
necessary adjustments in daily life required to confront the illness and its
associated treatments. The life-limiting nature of CKD compels patients to

identify strategies for managing the challenges they encounter in daily life.

iv) The final theme explores how decisions regarding CKD-related treatments
are influenced by future planning, and vice versa. While some patients
believe that dialysis would help them achieve specific life goals, such as
continuing to work or living until their children grow up, even if it comes at

the cost of disrupting their daily routines. Others prefer conservative care,
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which may result in earlier mortality but without the need for dialysis, which

may be seen as an “unnecessary burden and source of suffering.”

The substantial healthcare cost, clinical burden and the negative influence on
everyday life, underscores the increasing complexity of care required as CKD
progresses. The repercussions of CKD on both individuals and broader society,
accentuate the importance of early detection facilitating CKD prevention and timely
intervention, a process contingent upon a comprehensive understanding of the key

risk factors.

1.1.5 Risk factors for chronic kidney disease

Risk factors are characteristics linked to an increased likelihood of experiencing
unfavourable outcomes. Previous epidemiological studies have identified numerous
risk factors linked to CKD, categorizing them into initiating and perpetuating elements.
Initiating factors contribute to the commencement of nephron loss, including advanced
age, male sex, or diabetes, while perpetuating factors, such as increased proteinuria,
drive the ongoing progression of the disease (McClellan and Flanders, 2003, Menon
et al., 2005, Taal and Brenner, 2006, Levey et al., 2009b, Tsai et al., 2016). Levey et
al. (2009b) categorized some examples of CKD risk factors associated with the
development and progression of CKD, which are summarised in Table 1-2 (Menon et
al., 2005, Levey et al., 2009b, Kazancioglu, 2013).

Table 1-2. Risk factors for development and progression of CKD.

CKD phase Definition Examples of risk factors
Development Increase susceptibility to Family history of CKD,
kidney damage ethnicity (African-American),
older age,

reduced kidney mass,
hyperfiltration states;

genetic component*

lower socioeconomic status®,

elevated uric acid*

Directly initiate kidney damage  Diabetes,
hypertension/high blood pressure,
obesity,
higher BMI,

dyslipidaemia,
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autoimmune diseases,
infections,

kidney stones, acute kidney injury *

Progression = Worsen kidney damage or Increased proteinuria;
accelerate GFR decline nephrotoxins* (e.g. alcohol, recreational drugs,
analgesic drugs, heavy metals),

smoking*

Note, many risk factors may be involved in both development and progression, so for consistency, they
are listed in the first category where they would appear. Abbreviations: BMI, body mass index; CKD,
chronic kidney disease; ESRD, end stage renal disease; GFR, glomerular filtration rate. Examples of
risk factors marked with * symbol were taken from Kazancioglu (2013) and the remainder were taken
from (Levey et al., 2009b).

A comprehensive understanding of CKD risk factors enhances the potential for
preventing disease onset or its advancement to later stages. Recognizing the
substantial care burden posed by ESRD and dialysis patients, recent attention has
increasingly focused on early intervention and modifying risk factors for individuals
with CKD. Whilst some ‘risk factors’, such as demographic characteristics (e.g., age
and male sex) and presence of co-morbidities (e.g., diabetes), may be useful to
identify higher risk populations (which can then be targeted for screening and
preventive actions), potentially causal risk factors, which are also modifiable (e.g.,
hypertension, obesity) are those most amenable to preventive measures and/or
treatment of CKD. Some key risk factors associated with CKD development are

described in more detail below.

Diabetes mellitus

The primary underlying disease associated with CKD is diabetes mellitus, particularly
in high and middle-income countries (Tsai et al., 2016). It remains unclear whether
CKD is directly caused by diabetes, or stems from diabetes-related microvascular
issues, such as albuminuria (Tsai et al., 2016). The impact of diabetes mellitus on
kidney function and CKD development is well-documented (de Boer et al., 2020).
Individuals with diabetes face an increased risk of developing CKD in comparison to
those without a diabetes diagnosis. For example, between 2017 and 2021 in the
United States (US), the prevalence of CKD stages 3 - 4 was 21.4% among people
diagnosed with diabetes, compared to 12.1% in people with pre-diabetes and 4.4% in

people without diabetes (Centers for Disease Control and Prevention, 2021). A global
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meta-analysis consisting of 82 studies further affirmed that diabetes was significantly
associated with CKD (Hill et al., 2016).

Hypertension

Another major primary disease associated with CKD is hypertension. Among
hypertensive adults in the US (between 2017 and 2021), the prevalence of CKD was
notably high at 28.3%, in contrast to non-hypertensive individuals with a lower
prevalence of 8.9% (Centers for Disease Control and Prevention, 2021). The
association between hypertension and CKD prevalence was reaffirmed in a

comprehensive meta-analysis, encompassing 75 global studies (Hill et al., 2016).

Hypertension and CKD exhibit a closely interlinked pathophysiologic relationship,
wherein sustained hypertension can precipitate deteriorating kidney function, and
conversely, progressive decline in kidney function can contribute to compromised
blood pressure regulation (Bidani and Griffin, 2004, Brantsma et al., 2006,
Kestenbaum et al., 2008). In addition, the co-existence of the two conditions increases
the risk of both, cardiovascular morbidity and mortality (Gansevoort et al., 2013). For
individuals with eGFR below 60 ml min~' (1.73 m)2, the risk of cardiovascular-related
mortality surpasses the risk of progression to ESRD (eGFR <15 ml min™" (1.73 m)~)
(Keith et al., 2004, Foley et al., 2005). Thus, from a therapeutic standpoint, the
reduction of blood pressure can attenuate the decline in eGFR, postpone the
progression to ESRD, and reduce the incidence of CVD in these patients (Cheung et
al., 2017).

Obesity

Obesity, characterised by a body mass index (BMI) exceeding 30 kg/m?, was
associated with increased morbidity and mortality (Sarma et al., 2021). In particular, it
is considered a well-established risk factor for developing T2DM, hypertension and
CVD. Furthermore, the presence of multiple risk factors, such as obesity and T2DM,
can synergistically elevate the risk of CKD onset and progression (Foster et al., 2008,
Lu et al., 2015, Sarma et al., 2021).

Some studies have shown a strong association between obesity and CKD
progression to ESRD (Ejerblad et al., 2006, Hsu et al., 2006), suggesting that excess

body weight is one of the major modifiable risk factors for accelerated kidney function
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decline. In addition, a systematic review and meta-analysis showed that both BMI (as
a continuous variable) and obese status were significantly associated with the new-
onset of low eGFR and albuminuria (Garofalo et al., 2017). Interestingly, overweight
status showed no significant effect on the same outcomes, indicating a non-linear
relationship between BMI and the risk of kidney function decline. These findings could
hold major clinical significance when assessing the risk of new-onset CKD and
implementation of preventative measures, particularly given the growing global
prevalence of obesity (Hay and Collaborators, 2017) and CKD (Jager et al., 2019),

both of which are recognised as major epidemic diseases.

Other risk factors

Non-traditional CKD risk factors such as exposure to nephrotoxins, kidney stones,
foetal and maternal factors, infections, and acute kidney injury() events are
increasingly gaining recognition as significant threats to kidney health (Kazancioglu,
2013). For example, in low and middle-income countries, CKD is linked to infectious
diseases, glomerulonephritis, and the improper use of medications, including
traditional remedies with potential nephrotoxins (Jha et al., 2013, Stanifer et al., 2017).
Also, low birthweight, typically defined as less than 2.5 kg due to preterm birth or
intrauterine growth restriction, is associated with CKD later in life. Globally, around
10% of births are preterm, and approximately 15% are low birthweight, putting millions
of children at risk for CKD later in life (Charlton et al., 2014, Khalsa et al., 2016).

The wide range of risk factors that are associated with CKD development and
progression highlights the complex nature of this condition. The growing prevalence
of high-risk populations, such as rising prevalence of people with diabetes mellitus,
presents additional challenges for disease prevention and management strategies.
Nonetheless, the modifiable nature of many risk factors (e.g., obesity and
hypertension) emphasises the possibility of disease prevention through early
interventions and highlights the importance of understanding the disease presentation
in these high-risk populations.

1.2 Chronic kidney disease and type 2 diabetes mellitus
While the association between CKD and T2DM is well-established (as discussed in
section 1.1.5) (Levin et al., 2013, de Boer et al., 2020), the pathophysiology of CKD in

people with T2DM is complex, since a cluster of cardiovascular risk factors, such as
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obesity, hypertension, and dyslipidaemia, may contribute to disease development and
progression. The intricate interplay between these health issues is of great concern to
healthcare professionals and researchers, as managing one condition often involves
addressing the other. The coexistence of CKD and T2DM can significantly impact
patient outcomes, necessitating a comprehensive understanding and targeted

approaches for prevention and management.

Although the management of diabetes has witnessed improvements that mitigate the
risk of CKD development among these individuals, the combination of increased life
expectancy and the growing incidence of both type 2 and type 1 diabetes, has led to
a rising global prevalence of CKD (Hovind et al., 2003, Kianmehr et al., 2022).
Considering that T2DM is responsible for most diabetes cases (over 85%) (Forouhi
and Wareham, 2014) and its prevalence continues to rise (Khan et al., 2020), the
increasing incidence of CKD is also primarily linked to the growing numbers of
individuals with T2DM. Interestingly, the prevalence of CKD among patients with
diabetes exhibits significant global variation, as indicated by the evidence from a
narrative review (Koye et al., 2018). Estimates range from 27.1% in Shanghai, China,
to as high as 83.7% in Tanzania (Guo et al., 2016, Mpondo et al., 2016). While UK
was found in the middle of the two extremes, with 42.3% of individuals with T2DM
documented as having CKD (Hill et al., 2014).

The definitions of CKD among studies differ, which may in part explain the
discrepancies seen in the prevalence. For example, multiple Asian studies defined
CKD diagnosis based on a single spot urinary albumin to creatinine ratio (UACR)
measurement, and consequently reported a lower prevalence of CKD in people with
diabetes, compared to similar studies elsewhere that used eGFR to define cases
(Koye et al., 2018). Other factors that may cause variation in prevalence may be
attributed to differences in diabetes prevalence across countries (Khan et al., 2020,
Sun et al., 2022), as well as local factors, including differences in access to nephrology
care, genetic predisposition, public health policies, and environmental exposures
(Cheng et al., 2021). Regardless of inconsistencies in the definitions and differences
between global populations, it is evident that CKD is highly prevalent among people
with T2DM across the globe (Koye et al., 2018, Cheng et al., 2021).
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1.2.1 Presentation of chronic kidney disease in type 2 diabetes mellitus

Originally, a screening strategy for CKD in individuals with diabetes was established
in parallel with the aetiology of diabetic nephropathy (Mogensen et al., 1983). While
diabetic nephropathy and CKD are both conditions that affect the kidneys, they differ
in their causes, progression, and clinical features. Diabetic nephropathy is a specific
kidney condition caused directly by diabetes. It refers to the damage to the filtering
units (glomeruli) of the kidneys and occurs as a result of long-term high blood sugar
levels in people with diabetes, particularly uncontrolled Type 1 or Type 2 diabetes.
Diabetic nephropathy is essentially a subset of CKD that occurs only due to diabetes.
In contrast, CKD is a general term that refers to any long-term, progressive loss of
kidney function, regardless of the underlying cause. In people with diabetes, CKD can
be caused by diabetic nephropathy, but it may also arise from other factors such as
hypertension (which often coexists with diabetes), glomerulonephritis, or other non-

diabetes-related kidney conditions.

Diabetic nephropathy is usually a direct consequence of diabetes, the hallmark of
which is nodular glomerulosclerosis (Anders et al.,, 2018). The classic stages of
glomerulopathy (glomerular injury in the kidneys and histopathological feature of
diabetic nephropathy) begins with the development of albuminuria (an increase in
UACR >30 mg-300 mg), followed by progressive decline in kidney function (eGFR <60
ml min~' (1.73 m)™2) and ultimately ESRD. Thus, traditionally, increased albuminuria
has been widely accepted as a predictor for the initiation of a decline in renal function
and has been used for screening, early diagnosis, and the management of CKD in

people with diabetes.

However, growing evidence has demonstrated that declining kidney function in
diabetes is not a straightforward pathogenic process, undermining the classic
definition. Studies have suggested that diabetic nephropathy is caused by
microvascular complications (i.e., affects small blood vessels) that predominantly
affect young and lean individuals with T1DM (Tervaert et al., 2010). Furthermore,
Penno et al. (2012) demonstrated that the majority of patients with diabetic retinopathy
had an increased albuminuria, suggesting that both are microvascular complications
and that diabetic retinopathy is a key risk factor for diabetic nephropathy. In contrast,
a study found that people with diabetes who developed significantly reduced GFR

indicative of CKD, but without albuminuria, had more advanced renal dysfunction, and
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lower haemoglobin, compared to patients with increased albuminuria (Laranjinha et
al., 2016). While albuminuria is still recognised as the classic hallmark of diabetic
nephropathy, non-albuminuric CKD is more commonly observed in T2DM than in
T1DM (National Kidney Foundation, 2012).

Indeed, it appears that individuals with T2DM who do not follow the natural evolution
of diabetic nephropathy, but have renal impairment (classed as CKD stage G3 or
above) are highly prevalent (Halimi, 2012, Laranjinha et al., 2016). In fact, the UK
Prospective Diabetes Study cohort exemplified this phenomenon, wherein 50% of
patients displaying renal dysfunction did not exhibit concurrent albuminuria
(Retnakaran et al., 2006). Similarly, a National Health and Nutrition Examination
Survey (NHANES)-III study (based in US) found that 46% of individuals with T2DM
and reduced GFR did not have increased albuminuria (Afkarian et al., 2013). The
Edinburgh Type 2 Diabetes Study (ET2DS) cohort provided an extreme example,
where 101 out of 119 patients who experienced a significant decline in their renal
function did not have preceding albuminuria (Jenks et al., 2017). The ET2DS and
NHANES Il studies, among others, provide examples where albuminuria is not a
predictor of kidney function decline in people with T2DM, highlighting the need for
additional predictors. The prevalence of these patients could be attributed to the fact
that the non-albuminuric phenotype in CKD is fairly common among older individuals
with longer diabetes duration, as observed consistently in the studies described above.
Therefore, albuminuria lacks precision in defining the predominant form of kidney
dysfunction in individuals diagnosed with T2DM, rendering uUACR as only modestly

predictive of subsequent renal decline in this population.

Consequently, international KDIGO guidelines classify individuals with both CKD and
diabetes mellitus (or DKD) based on clinical measurements of uUACR and eGFR,
whereas the term diabetic nephropathy was reserved exclusively for the histological
diagnosis of glomerular alterations in a biopsy setting (de Boer et al., 2020). However,
kidney biopsies are typically omitted in people with diabetes due to restricted treatment
alternatives, so the histopathological features causing kidney dysfunction are often
unknown. As a result, people with T2DM and renal decline are diagnosed with CKD,
which encompasses a wide range of underlying causes and presents with

heterogeneous course of disease development.
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Recognising CKD among individuals with diabetes holds significance for enhancing
clinical outcomes. An illustrative example is the application of a population-based
screening strategy (Kidney disease Program) established by Indian Health Service
specifically for Native American and Alaskan Native populations, as they are
recognized for their elevated diabetes and kidney disease prevalence (Narva, 2018).
This screening approach enabled a more effective implementation of combined
management of CKD and diabetes within primary care settings, which resulted in a
notable 54% reduction of incident ESRD between 2000 and 2016 (Doshi and
Friedman, 2017, Narva, 2018). Similarly, in Pima Indian population, there was a
notable reduction in albuminuria cases (Pavkov et al., 2009), and patients presented
with slower rate of kidney decline and fewer incident ESRD cases, which at least in
part, may be attributed to increased usage of antihypertensive medications and
glycaemic control at earlier stages of CKD development (Pavkov et al., 2006).
Evidently, screening and diagnosis of CKD assume paramount importance in the
initiation of therapeutic interventions, aiming to prevent or delay associated

complications.

1.2.2 Risk factors for chronic kidney disease in type 2 diabetes mellitus

Individuals with T2DM are considered a high-risk population and CKD is recognized
as a common complication of diabetes, which is also known as diabetic kidney disease
(DKD) (Chu et al., 2021). Thus, annual screening for CKD is recommended upon the
diagnosis of T2DM (de Boer et al., 2020). The identification of risk factors associated
with DKD is imperative for the implementation of targeted preventive measures or
interventions to decelerate CKD progression. Notably, many risk factors overlap
between CKD and DKD, such as hypertension and age, both of which increase the
risk of kidney function decline in people with T2DM or without (Jitraknatee et al., 2020,
Swartling et al., 2021). Whereas, poor glycaemic control (i.e., management of blood
glucose levels) is a well-recognised factor of diabetes-related complications, including
the risk of CKD (Guo et al., 2016, Russo et al., 2018, Jitraknatee et al., 2020). Our
understanding of kidney disease in people with T2DM was particularly shaped by
studies of Pima Indians (a native American Tribe based in Arizona), which has one of
the highest incidences of T2DM affecting over half of those aged 35 and above
(Knowler et al., 1983). Early studies of this community highlighted kidney disease as

a common complication of T2DM (Nelson et al., 1988, Nelson et al., 1993) and aided
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characterisation of many risk factors associated with kidney decline specifically in
people with T2DM, such as low birth weight (Nelson et al., 1998) and genetic
determinants (Pettitt et al., 1990).

In general, risk factors for CKD can be categorized into non-modifiable and modifiable
factors (Saran et al., 2015, Thomas et al., 2015, Fiorentino et al., 2017, Hoogeveen et
al., 2017, Tonneijck et al., 2017, Esmeijer et al., 2018, McCullough et al., 2019,
Esmeijer et al., 2019). Non-modifiable risk factors encompass genetic predisposition,
male sex, advanced age, familial history of T2DM or CKD, insulin resistance, and
ethnicity (e.g., Black, Hispanic, American Indian, Asian) and low birth weight;
Conversely, modifiable risk factors include obesity, metabolic syndrome, suboptimal
glycaemic control, hypertension, acute kidney injury, cigarette smoking, dyslipidaemia,
sedentary lifestyle and elevated salt consumption. Some key examples of risk factors

are described in more detail below:

Older age

The increasing prevalence of T2DM is largely attributed to demographic shifts,
characterized by economic development, improved living standards, and healthcare,
leading to longer life expectancy (Boyle et al., 2010, Khan et al., 2020). As societies
age, with a notable rise in the elderly population, the incidence of T2DM is expected
to surge (Khan et al., 2020). The aging population, especially those over 65 years old,
faces a higher likelihood of T2DM and associated comorbidities, such as hypertension
and atherosclerotic vascular disease. The prevalence of renal impairment is also
significant in this age group, with approximately 20% of T2DM patients over 65
experiencing reduced kidney function (Parving et al., 2006, Thomas et al., 2006b,
Thomas et al., 2016). As the global population continues to age, the intersection of
T2DM and renal impairment is anticipated to rise, posing challenges for healthcare

management and outcomes.

Blood glucose and hypertension

The escalating prevalence of CKD in individuals with T2DM is also influenced by
changes in risk factors, particularly glucose control and hypertension. Over the past
three decades, there has been notable progress in managing these factors, driven by
increased awareness of their impact on clinical outcomes in trials and emphasized in

treatment guidelines (Imperatore et al., 2004, Hoerger et al., 2008, Tseng et al., 2012).
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Effective control of glucose levels and blood pressure has been shown to significantly
prevent albuminuria in T2DM (Derby et al., 1989, Schmitz et al., 1994, Tanaka et al.,
1998, Boussageon et al., 2011, Emdin et al., 2015), although the evidence regarding
other renal outcomes is less conclusive (Boussageon et al., 2011). The mandated
early and intensive management of CKD risk factors in individuals with or at risk of
T2DM may have contributed to a modest reduction in albuminuria prevalence, but has
not shown a clear reduction in renal impairment. Some researchers suggest that the
growing number of T2DM patients with renal impairment, but without albuminuria could
be attributed to improved diabetes mellitus treatment for glycaemic control (Thomas
et al., 2016).

Dyslipidaemia

Dyslipidaemia is a significant risk factor for CKD in individuals with T2DM. While mean
total cholesterol levels have decreased in T2DM patients (Imperatore et al., 2004), the
prevalence of dyslipidaemia, characterised by elevated triglycerides, apolipoprotein B,
or low high density lipoprotein (HDL) cholesterol, is on the rise (Thomas et al., 2006a,
Kaysen, 2006, Penno et al.,, 2015). This dyslipidaemia pattern is linked to the
development and severity of CKD, particularly in individuals with insulin resistance and
adiposity (de Vries et al., 2014). The correlation between dyslipidaemia and renal
function suggests that excess free fat and renal lipid accumulation may hasten kidney
damage associated with T2DM. Treatment with peroxisome proliferator-activator
receptor a agonists, such as fenofibrate, which target triglyceride-rich very low density
lipoprotein (VLDL) particles, has been associated with a reduction in albuminuria (Jun
et al., 2012). However, the reno-protective effects of statins, which primarily modify
low density lipoprotein (LDL) cholesterol, remain unclear in T2DM patients (Haynes et
al., 2014, Griffin et al., 2011), and some studies even suggest potential detrimental

effects on renal function associated with potent statin use (de Zeeuw et al., 2015).

Obesity

The prevalence and severity of obesity are on the rise in individuals with T2DM and
the general population (as discussed in section 1.1.5). The average BMI in T2DM
patients has increased over the years, with a notable shift towards morbid obesity (BMI
>40 kg/m2) (de Boer et al., 2011). Many individuals with T2DM have a history of long-

term obesity, which not only contributes to the development of diabetes but also exerts

36



marked effects on the kidneys. Long-term obesity influences intra-glomerular
hemodynamic, increases sympathetic activity, induces hypertension, triggers systemic
inflammation, leads to endothelial dysfunction, and contributes to visceral adiposity-
related compression (Thomas et al., 2015), all of which are factors that heighten the
risk of CKD in T2DM. Conversely, weight loss is linked to a reduced incidence of CKD
in T2DM, as evidenced by randomized controlled trials like Look-Ahead, which showed
significant reductions in albuminuria and modest improvements in renal function with
lifestyle-induced weight loss (Look, 2014). Bariatric surgery has also been associated
with a reduced incidence of CKD in obese individuals with T2DM (Carlsson et al.,
2015).

1.2.3 Complications of chronic kidney disease in type 2 diabetes mellitus
The development of CKD in individuals with T2DM predicts an increased risk of ESRD
and other morbidities such as CVD, retinopathy, neuropathy, foot ulcers, and
amputations, which amplify the risk of premature mortality, often occurring before
reaching the ESRD stage (McCullough et al., 2008, Afkarian et al., 2013, Jha et al.,
2013). Renal decline not only predicts the risk of hospitalisations, but also contributes
to the escalating burden on public healthcare (Go et al., 2004). Consequently, CKD
stands out as one of the most prevalent, burdensome, and costly long-term
complications associated with diabetes (Sun et al., 2022). By 2040, CKD is projected
to be the 5th highest cause of years of life lost globally (Foreman et al., 2018)

In particular, the individuals with T2DM and declining kidney function are at a
heightened risk of experiencing cardiovascular complications (e.g., myocardial
infarction, stroke, ischemia, arrhythmia, and heart failure) (Holman et al., 2008,
Gansevoort et al., 2013). In fact, the risk of CVD in individuals with diabetes and CKD
is firmly established and can be viewed as a "CVD risk-equivalent." This means that
the incidence of CVD in people with diabetes and CKD, even without evident CVD, is
as significant as in individuals without diabetes who have prevalent CVD (de Boer et
al., 2020). Hence, CVD is one of the major causes of mortality in patients suffering
with T2DM and CKD (Afkarian et al., 2013).

Given that CVD is a major complication of DKD, the KDIGO guidelines recommend a
comprehensive and multifaceted treatment strategy for these individuals to improve

both kidney and cardiovascular outcomes (Group, 2022). This strategy includes
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lifestyle adjustments (such as smoking cessation, diet and exercise) along with first-
line drug therapies supported by robust evidence for enhancing both kidney and
cardiovascular outcomes. The goal is to improve clinical outcomes regardless of its
effects on intermediary targets. For instance, as a result of consistent demonstration
of kidney and cardiovascular benefits across GFR categories with the use of sodium-
glucose co-transporter type 2 inhibitors (Bakris et al., 2020, Packer et al., 2020,
Chertow et al., 2021), it was recommended to prioritise them as a primary treatment
for individuals with DKD, irrespective of glycaemia levels. Therefore, sodium-glucose
co-transporter type 2 inhibitors are considered a cornerstone in the pharmacologic
therapy for individuals suffering with CKD and T2DM. Additional medications with
demonstrated kidney and heart protective properties may be also incorporated based
on assessments of residual risk, including controlling lipid levels and blood pressure,
both of which are the major drivers of CVD (National Kidney Foundation, 2012). For
example, the use of antihypertensive agents for blood pressure control, especially
angiotensin receptor blockades demonstrated reno-protective effects in terms of
slowing down kidney function decline, lowering albuminuria and reduction of the ESRD
risk in Angiotensin Il Antagonist Losartan Study of people diagnosed with T2DM and
renal dysfunction (Brenner et al., 2001, Bakris et al., 2003, de Zeeuw et al., 2004).
Likewise, in the Irbesartan in Patients with Type 2 Diabetes and Microalbuminuria
Study trial, the administration of 300 mg of irbesartan once daily demonstrated a
significant 70% reduction in the risk of diabetic nephropathy progression and a 38%
decrease in microalbuminuria among hypertensive individuals with T2DM (Parving et
al., 2001).

Notably, the evidence for DKD management is rapidly evolving as seen in the original
KDIGO guidelines published in 2020 (Disease, 2020), which were soon updated in
2022 (Group, 2022). The brief duration between guideline updates reflects the growing
availability of new-evidence that enables swift progress in the management of diabetes
and CKD. Theoretically, specialised healthcare services designed to address all
aspects of care for individuals with diabetes-related CKD could offer comprehensive
care, targeting complications and potentially leading to improved clinical outcomes by
slowing down the progression. However, given the current structure of services,
providing an all-encompassing approach to care for the extensive diabetes population

affected by CKD is not feasible. Therefore, the focus should be on disease screening
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and developing methods to predict the onset of disease early, enabling the
implementation of early preventative and therapeutic interventions that slow down the

progression and development of complications.

1.3 Novel biomarkers of chronic kidney disease

Clinical screening programs routinely measure kidney function in high-risk groups,
such as individuals with diabetes, using well-established biomarkers like albuminuria
and eGFR. However, eGFR alone is often not specific enough, as it is influenced by
factors unrelated to kidney health, such as age and muscle mass (Stevens et al.,
2006). Consequently, these traditional biomarkers typically become elevated only
after substantial kidney damage or significant loss of filtration capacity has occurred
(Levin and Stevens, 2014). As a result, these markers reflect renal injury after a
significant amount of kidney function has already been lost. Detecting CKD at an
early stage remains a critical yet unmet medical need, as early detection of kidney
decline would allow for timely, targeted interventions. This is crucial not only for
predicting and preventing CKD onset but also for improving patient outcomes,

including survival and reducing comorbidities like cardiovascular disease.

In addition to identifying various risk factors that enable screening and prevention,
there has been a significant emphasis on researching novel preclinical markers
associated with diverse disease pathways. Non-invasive biomarkers (e.g. measurable
in blood and urine) are preferable as kidney biopsy confers a risk of bleeding and
hence is not performed in most people (Lees et al., 2017). Recent studies have found
several preclinical markers associated with incident CKD, including the high risk
genetic variants in APOL1, gene encoding for Apolipoprotein L1 (Parsa et al., 2013),
urinary epithelial growth factor (Ju et al., 2015, Betz et al., 2016), urinary and
circulating levels of uromodulin (Kottgen et al., 2010, Leiherer et al., 2018, Steubl et
al., 2019), and circulating levels of soluble urokinase-type plasminogen activator
receptor (Hayek et al., 2016, Schaefer et al., 2017). The overarching goal here is to
identify biomarkers that go beyond traditional measures of kidney health, specifically
glomerular dysfunction (serum creatinine) and glomerular injury (albuminuria) to aid

early and more accurate prediction of CKD development.
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Establishing sensitive biomarkers for predicting clinical outcomes is crucial for risk
stratification, which provides direct benefits in clinical research and beyond. For
example, identifying high-risk individuals contributes to more efficient clinical trials, by
reducing sample size and follow-up duration without compromising statistical power,
as successfully implemented in heart failure and oncology trials (Ibrahim et al., 2016,
Hu and Dignam, 2019). In nephrology, data from the Chronic Renal Insufficiency
Cohort (CRIC), suggested that employing tumour necrosis factor receptor 2 (TNFR2)
levels 275th percentile to identify high-risk individuals can lead to a 50% reduction in
the required sample size for detecting a 20% reduction in DKD progression over a 5-
year period (Coca et al., 2017). Furthermore, the integration of such biomarkers
enhances our understanding of biological pathways and their responses to therapeutic
interventions, as previously exemplified by sodium-glucose co-transporter type 2
inhibitors, which have demonstrated the ability to reduce tumour necrosis factor
receptor 1 (TNFR1), TNFR2, and kidney injury molecule-1 (KIM-1) levels in people
diagnosed with DKD (Heerspink et al., 2019, Sen et al., 2021)

Several studies have focused on evaluating the effectiveness of individual biomarkers,
each representing a single disease-associated pathway, in predicting the progression
of renal function decline in the general population and in patients with T2DM (Liu et
al., 2022). For example, plasma TNFR1 was the most studied biomarker found in
blood and has been associated with the inflammatory processes affecting endothelial
cells in the kidneys. Statistically significant positive correlations between TNRF1 and
incident CKD as well as progression to ESRD have been consistently demonstrated
across 33 independent studies (Liu et al., 2022). Likewise, KIM-1, the predominantly
studied urinary biomarker indicative of tubular damage in the kidneys, exhibited a
consistent association with the development and progression of CKD across various
populations (Liu et al., 2022). However, Liu et al. (2022) highlighted that in clinical
studies these biomarkers demonstrate differing strengths or weakened association
with CKD outcomes after adjustment for confounding factors. Thus, currently
preclinical markers lack evidence that prove their effectiveness in detecting the new-
onset of CKD or prediction of kidney function decline. The shortage of robust findings
could be attributed, at least partially, to diverse study designs, insufficient follow-up

intervals, or variations in biomarker platforms used among studies. Consequently, the
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dependability of preclinical markers for autonomously predicting kidney events across

different CKD groups and offering significant clinical insights remains uncertain.

On the other hand, the development of CKD is a complex, multifactorial process
characterized by the activation of various pathways, including pro-inflammatory, pro-
fibrotic, and angiogenic processes, among others (Gajjala et al., 2015). Given the
intricacy of these multiple pathophysiological processes involved in the development
of CKD, along with the inherent variability of biomarkers within individuals, the utility
of a single biomarker in terms of diagnostic and prognostic power is a matter of doubt.
Alternatively, a combination of biomarkers also known as multi-marker panels, may
offer a more accurate reflection of the true pathophysiological status in particular
patient groups, and consequently, provide a superior assessment of disease
prediction (Colhoun and Marcovecchio, 2018, Bidin et al., 2019).

Advancements in analytical methodologies, gave rise to high-throughput and high-
content omics, which enabled insights into biological molecules involved in multiple
pathways of disease. For example: i) next-generation sequencing enabled genomics,
which allowed comprehensive study of genetic variation (Hu et al., 2021) ii) high
resolution nuclear magnetic resonance analytics enabled metabolomics, which
empowered the level of information gathered about the structure and dynamics of
molecules in a sample (Vignoli et al., 2019) iii) mass spectrometry, enabled proteomic
analysis, which facilitated the identification and quantification of many proteins in a
given sample. Applying these technologies in large-scale population studies not only
improved our understanding of molecular processes involved in diseases such as
CKD, but also enabled the development of novel multi-marker panels to improve
prediction of disease development. For instance, CKD273 is a proteomic classifier
based on 273 urinary peptides, which successfully distinguished between CKD
(resulting from various aetiologies) and healthy individuals (Good et al., 2010). The
same CKD273 classifier was effective at differentiating between CKD stages and
predicting which individuals are set to develop rapidly declining kidney function in both
general population and people diagnosed with diabetes (Zurbig et al., 2012, Schanstra
et al., 2015).

Evidently, novel biomarker research focused on predicting the onset or progression of
CKD is an area of interest. The analytical advances facilitated opportunities for gaining
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better understanding of molecular pathways involved in CKD development, which
offered insights into elevated risk profiles of disease. Numerous studies have
demonstrated that single biomarkers as well as multi-marker panels have shown

potential in predicting CKD outcomes, warranting further research in this area.

1.4 Metabolomics

1.4.1 Omics

Omics technologies enabled large-scale, comprehensive and systematic exploration
of the molecular components within a specific class of biological molecule, which
transformed molecular research by providing extensive data that can be used to
uncover patterns, associations, and potential biomarkers. For example, the completion
of the Human Genome Project in 2003 was made possible by genomic sequencing
technologies, which analysed almost the entire genetic code of humans and allowed
an investigation of the human genome as a whole (International Human Genome
Sequencing, 2004). This was one of the largest scientific collaborations that
accelerated the utility of genomic technologies in research and commercial settings,
aiding our understanding of many diseases. In particular, the rise of genome-wide
association studies (GWAS) led to the discovery of many associations between
genetic features and pre-disease conditions (Kruglyak, 2008). However, the genetic
code is not a complete picture of human health and thus cannot answer all of our
questions about disease and environmental health. To understand the phenotype, we
need to measure the combined effect of the genome, lifestyle, and environment on the
function of biological systems. Other branches of omics, downstream of genomics,
such as proteomics (study of proteins expressed in a cell, tissue or organism) and
metabolomics (study of small molecules within biological system) provide further

insight into phenotypes related to health and disease.

1.4.2 Metabolomic profiling

Metabolomics is one of the emerging analytical fields in molecular epidemiology. The
terms "metabolome" and "metabolomics" were first introduced into the scientific
literature by Steve Oliver and colleagues in 1998 (Oliver et al., 1998). Although
metabolomics is regarded as the younger branch of the omics, metabolites and
metabolism have been studied for more than 100 years. Metabolites are low-molecular

weight molecules that provide cells with energy, structural components, and the
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necessary materials to facilitate the creation of larger molecules like DNA or proteins.
Metabolites are present within the cells and in the environment surrounding the cells
and tissues found in fluids such as blood and urine. The metabolome is the entire
collection of metabolites in a biological system, which can provide insights into ongoing
or completed biological processes (Nicholson and Lindon, 2008). The metabolome is
downstream of the genome and provides an amplified and dynamic measure of the
cellular changes resulting from the processes involved in the genome, transcriptome,

proteome, lifestyle, and environment (Holmes et al., 2008a, Bictash et al., 2010).

Metabolomic profiling involves the identification and measurement of metabolites
present in a biological sample (e.g., blood serum), focusing on low-molecular-weight
compounds (Nicholson and Lindon, 2008, Bictash et al., 2010). These analyses have
the capacity to identify numerous metabolites from a single sample, ranging from
sugars (hexoses) and amino acids to dipeptides, lipids, and organic acids (Holmes et
al., 2008b). Currently, there are more than 217,920 chemically and structurally diverse

compounds described in the Human Metabolome Database (Wishart et al., 2022).

Analysing the metabolome requires sophisticated separation and detection methods.
One of the major driving forces in the rapid development of the metabolomics field is
the improvement in analytical technologies. Metabolomic measurements can be
performed using either mass spectrometry or proton nuclear magnetic resonance
spectroscopy. The nuclear magnetic resonance distinguishes and quantifies various
compounds by recording their resonance frequencies, which correspond to the energy
released during rapid changes in an external magnetic field. Conversely, mass
spectrometry measures the mass-to-charge ratio of ionized analytes to achieve the
same goal. The nuclear magnetic resonance offers several advantages, including its
non-invasive and non-destructive nature, minimal sample preparation requirements,
and ease of use for structural elucidation. However, it has some limitations; nuclear
magnetic resonance can identify a more limited number of metabolites and is generally

less sensitive when compared to mass spectrometry (Nicholson and Lindon, 2008)

The datasets generated by metabolomics are complex, necessitating robust,
reproducible methods for data processing and analysis. Comprehensive statistical
analysis is essential for biological interpretation of metabolomic profiles as it enables
identification of metabolites with abnormal levels, which may be indicative of changes
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in metabolism in the context of disease. Statistical analysis is an important aspect in
the metabolomics field and requires careful consideration (Blaise et al., 2009, De
Livera et al., 2013, Barnes et al., 2016, Chen et al., 2022, Anwardeen et al., 2023).

1.4.3 Statistical approaches in metabolomics

Typically, statistical analysis of metabolomic data involves data pre-treatment process,
such as normalization and scaling. Normalization adjusts the complete profile of each
sample by a factor, ensuring effective comparison of profiles from diverse samples
(Craig et al., 2006). This data transformation eliminates variation associated with
systematic effects, such as total sample mass and aligns the measurements with the
absolute abundance of analytes in samples. Scaling modifies each variable by a factor
to accommodate distinct statistical characteristics, such as variations in metabolite
abundance (van den Berg et al., 2006). For example, unit-variance scaling, also
referred to as standardization, involves dividing each variable by its standard

deviation, ensuring that each variable attains a standard deviation of one.

After the data pre-treatment, the dataset may undergo exploration, typically
encompassing the identification of variables capable of classifying and/or predicting
the outcome associated with a given sample. Multivariate statistical methods are well-
suited for exploring the association of variables with outcomes, either individually or
collectively. These methods consider the variation across all variables and samples
simultaneously, revealing multiparametric signatures that elucidate the
interconnections among samples and variables. The fundamental principle behind
multivariate techniques is that similar samples cluster together, while dissimilar ones
are positioned farther apart in this space. Various approaches, such as linear
projections, machine learning, and Bayesian statistics, can be employed for this type

of analysis.

Unsupervised and supervised analyses can be conducted to investigate discrimination
between sample groups or relationships with continuous outcomes. Unsupervised
methods seek latent patterns in data without prior knowledge of outcomes. For
example, principal component analysis, examines the dataset to identify directions of
greatest variance in multivariate space and reduce its dimensionality (Carey et al.,
1975). Supervised approaches facilitate outcome prediction, such as disease classes,

based on input data (metabolic variables). These analyses specifically examine the
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relationship between the X data matrix (spectral variables e.g., metabolomic
measurements) and outcomes Y (sample classes or other non-spectral metadata like
age and sex), offering explicit information on the strength of the association between
X and Y. However, there is a risk of overfitting (capturing noise instead of genuine

structure), which can be mitigated by employing an independent test set.

In contrast, univariable approaches, which consider each metabolite independently
are commonly used for analysis that aims to select candidate biomarkers. Univariate
analysis methods focus on significance testing to assess the statistical significance of
observed associations (Blaise et al., 2009). However, to address the increased risk of
false positives due to multiple testing, correction of significance threshold is essential.
Various procedures, such as the Bonferroni correction for controlling family-wise error
rate (FWER) (Bland and Altman, 1995), or methods like Benjamini-Hochberg
corrections for controlling false discovery rate (FDR) (Benjamini and Hochberg, 1995),
can be employed to manage these corrections. The FWER method represents the
proportion of variables incorrectly identified as significant by a statistical method
among those with a true null hypothesis (no effect). On the other hand, the FDR
measures the proportion of variables declared as significant that actually correspond
to a null hypothesis. For instance, in a scenario with 1,000 tested variables, where 40
truly differentiate classes, if 30 are deemed significant at a specific P-value cut off, but
only 25 are true positives, there are five false positives, resulting in an FWER of 0.5%.
Similarly, with 30 positives, but 5 false positives, the FDR is 16.7%. While the FDR
approach tends to be less stringent in controlling false positives than the FWER, it can

offer higher statistical power.

In general, the interpretation of multivariate models is inherently more complex than
that of univariate models. However, univariate models lack consideration for
correlations, dependencies, or interactions between variables. Thus, the choice of
specific analysis approach should be guided by overarching goal of the study, and in
many instances multiple approaches can be used to answer different aspects of the

research question.

1.4.4 Metabolomic profiling in chronic kidney disease and diabetes

Considering that metabolomics has the potential to capture and quantify hundreds or

even thousands of circulating metabolites across multiple pathways in a single
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biological sample, it may enhance the resolution of our understanding of complex
diseases (e.g., CKD and diabetes) at the molecular level. For example, in CRIC study
involving 1,001 participants with diabetes exhibiting various stages of kidney disease,
Kwan et al. (2020) found that elevated levels of 3-hydroxyisobutyrate in urine were
linked to a more rapid decline in GFR and a shorter time to the onset of ESRD.
Interestingly, 3-hydroxyisobutyrate is an intermediate metabolic product of valine, a
compound that has demonstrated positive associations with T2DM via mechanisms
that promote insulin resistance (McCormack et al., 2013, Halama et al., 2016). More,
specifically, it has been suggested that 3-hydroxyisobutyrate contributes to insulin
resistance in skeletal muscle by enhancing the uptake of fatty acids from endothelial
cells (Jang et al., 2016). This demonstrates metabolomics as a potentially useful tool
for identifying novel biomarkers related to diabetes, which may also improve the risk

prediction of renal decline in these patients.

In addition, metabolomic profiling provides an opportunity to study hundreds of
potential novel biomarkers simultaneously, free of hypotheses, rather than focusing
on a single biomarker. Previous studies suggested that the combination of
metabolomic profiles with traditional risk factors could provide better performance for
predicting incident CKD risk in general population (Rhee et al., 2013) and risk of
progression to ESRD in individuals with T2DM (Solini et al., 2016) as well as general
population (Zacharias et al., 2019). In all three studies, the multi-marker panel based
on metabolomic profiles led to improved discriminative ability and reclassification.
However, to my best knowledge, there are no studies that explored the use of
metabolomics based multi-marker panels in predicting incident CKD specifically in
individuals with T2DM.

1.5 Risk Prediction Modelling

1.5.1 Prognosis and risk prediction

Risk prediction and prognosis or the anticipation of future outcomes plays a crucial
role in guiding healthcare decisions and enhancing health-related results. While the
concept of risk prediction and prognosis predates modern medicine, its significance
has evolved over time. In the seventh century BC, prognosis and prediction was a key
medical skill, emphasizing understanding, explaining, and forecasting outcomes

based on cumulative observations of patients with similar symptoms (Chauffard,
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1913). During this pre-scientific era, prognosis was more about the characteristics of
the patient rather than specific diseases (Christakis, 1997). The dominance of
prognosis persisted for centuries, but by the mid-nineteenth century, advancements in
understanding biological organisms and diagnostic techniques, shifted the focus to
diagnosis in healthcare. Prognosis took a back seat, becoming more associated with
the characteristics of the disease itself (Christakis, 1997). In the twentieth century,
early clinical epidemiology introduced a broader perspective, acknowledging the
impact of patient characteristics on outcomes, which directly challenged the
assumption that diagnosis and treatment alone could reliably predict and

prognosticate (Hutchison, 1928).

In the current era, there is a renewed emphasis on prognosis and risk prediction as a
vital tool for achieving optimal healthcare outcomes. Biomedical advancements,
including molecular biology and omics technologies, have provided insights into the
cellular level of disease development. This progress has a potential to better our
abilities in risk prediction, disease prognosis and treatment responses among patients.
The wealth of comprehensive patient information available in various databases
presents both opportunities and challenges for research concerned with risk

prediction.

1.5.2 Risk prediction models and scores

The goal of risk prediction research is to determine which patient features are relevant
to the outcomes, how to select and use them for prediction, and ultimately guide
personalized healthcare decisions. The key objective of risk prediction is to
summarise, explain, and predict outcomes in clinically relevant populations, which
supports decision making in healthcare. The four types of risk prediction research were
summarised by the Prognosis Research Strategy (PROGRESS) framework
(Hemingway et al., 2013, Riley et al., 2013, Steyerberg et al., 2013). In brief, the
framework encompasses the four key types of research that investigates questions
related to risk prediction, starting with studying the overall outcomes observed in
individuals with a specific health condition (Type [). This is followed by the identification
of risk factors associated with the outcome (Type IlI) and combining these factors to
predict outcomes, i.e., prognostic/risk prediction models (Type lllI). The final type of
studies are concerned with identifying factors that predict treatment effect (Type V).
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The primary emphasis of this thesis centres on predicting the risk of kidney decline,
which falls within the research purposes described in PROGRESS framework Type
lll. The prognostic model research (Type lll) aims to evaluate the utility of combining
multiple prognostic factors, termed as predictors, to develop a prognostic model, also
referred to as a risk prediction model. Other aims of this type of research include the
evaluation of the predictive performance of an existing model in a new population,
updating existing models with new predictors, and examining the impact of a risk
prediction model when comparing health-related outcomes (e.g., treatment decision

or clinical management of disease) are assisted by the model versus without.

A risk prediction model or prognostic tool is a mathematical or statistical calculation
that can translate individual risk factor data (individual values of predictors measured
at the starting point) into an estimated probability that the individual will experience a
health-related outcome in the future (Tangri et al., 2011, Hippisley-Cox et al., 2017,
Nelson et al., 2019). More recently, artificial intelligence algorithms have also been
used for development of new models and tools (Kanegae et al., 2020). The use of
these models facilitates the movement towards health stratification and personalised
medicine, which is guided by the individual profiles of predictors or clinical risk factors
(Kent and Hayward, 2007, Hingorani et al., 2013). The approach that employs risk
prediction modelling assists healthcare professionals by allowing clearer
communication of risk to the patient. Furthermore, risk prediction models may improve
research study design by enabling stratified randomisation strategies to create a better

balance in the prognosis for intervention and control groups (Roozenbeek et al., 2009).

1.5.3 Risk Prediction of incident chronic kidney disease

Currently, there are no conventional risk prediction models recommended for use in
clinical setting to predict the risk of incident CKD. Nonetheless, a number of risk
prediction models for incident CKD have been developed in the research setting for
use in the general population and specifically in people with diabetes, which were
reviewed previously (Echouffo-Tcheugui and Kengne, 2012, Collins et al., 2013,
Fraccaro et al., 2016, Ramspek et al., 2020, Slieker et al., 2021, van Rijn et al., 2021).
The interest in risk prediction of kidney dysfunction has been increasing as indicated
by the growing number of studies aiming to develop risk prediction models. The
earliest review by Echouffo-Tcheugui and Kengne (2012) identified 26 publications

reporting on a total of 47 models, which included 30 models for the prediction of new-

48



onset CKD and 17 models for CKD progression. Whereas the latest review by Slieker
et al. (2021), identified a total of 64 prediction models.

It is evident that a sufficient number of risk prediction models was already developed.
This highlights that one current research need is not to develop a new model, but
rather to evaluate an existing model in a new population and appraise the model’'s
transportability to different settings. Furthermore, the systematic reviews have not
identified any studies that updated existing risk prediction by taking advantage of more
recent analytical technologies (e.g., omics) and the integration of novel biomarkers to
assess the added value of new markers to existing models. Considering these
advancements may enhance the ability to capture disease risk beyond conventional
clinical measures and lead to improvement in risk prediction, updating risk prediction

models is unmet research need.

Slieker et al. (2021), reviewed currently available risk prediction models for CKD onset
and progression for people who are also diagnosed with T2DM. The review found that
most models predicted the risk within 5 years, and the most frequently used predictors
were age, eGFR, and systolic blood pressure, all measured at baseline. The best
apparent performance (based on results in the original model development
publication) for prediction of new-onset CKD in people with diabetes was the model
developed by Nelson et al. (2019), and it was also the second best in the external
validation study carried out as part of the review (Slieker et al., 2021). Considering that
there are no risk prediction models to predict incident CKD that have been
recommended and implemented in a clinical setting, the model with the best
performance stood out as the most appropriate candidate model for further research
such as external model validation and update with new biomarkers (as detailed in the

following Chapter 2).

Nelson et al. (2019) developed a risk prediction model for incident of CKD, defined as
new-onset of eGFR below 60 ml min™' (1.73 m)~2 during the follow-up and produced
an equation for 5-year absolute risk (referred to as the Nelson equation, hereafter).
Nelson equation included age, black ethnicity, sex, baseline eGFR, history of CVD,
HbA1c, diabetes mellitus medication use, hypertension status, smoking status, BMI
and baseline albuminuria as predictors. The development of Nelson equation involved
individual-level analysis of 34 multinational cohorts (any study within the consortium
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with follow-up data, a minimum of 1000 participants and 50 events), which included
5,222,711 individuals from 28 countries. Eligible participants were adults (>18 years
old) with eGFR of more than 60 mI min~' (1.73 m)™2 at baseline. People with diabetes
were included from 15 cohorts, comprising 15% (n= 781,627) of all participants
included in this study. Additionally, the predictive performance of the Nelson equation
was compared to the performance of two simpler models developed previously,
referred to as O'Seaghdha equation (O'Seaghdha et al., 2012) and Chien equation
(Chien et al., 2010). Nelson et al. (2019) conducted external validation using three
models in an independent population to compare their predictive performance. For

consistency these models were also used to meet the aims of this thesis.

Nelson equation was chosen as the primary candidate model to use in this thesis for

the following reasons:
i) Developed specifically in people diagnosed with diabetes;
i) Used a large number of participants for model development phase;
ii) Externally validated within the same consortium and outside;

iv) The model included readily available clinical variables, which enables defining
the predictors and outcomes according to the definitions in terms of measures
and units as provided in original publication that described the risk prediction

model development;

v) The outcome of CKD onset was suitable to be studied in ET2DS (there were

enough events during follow-up);

vi) The publication described the full linear predictor, where beta coefficients for
predictors and estimate of baseline hazard (for at least the prediction time of
interest, i.e., five years) were included. The predictor information can be used
to calculate the linear predictor for each individual (LPi, beta coefficients *
predictor variable) and to generate predicted probabilities by adding baseline
survival. This information is essential for external model validation as it allows
a comprehensive evaluation of performance by the model using the same

estimates for risk factors in a new set of individuals;
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vii) Nelson equation showed top-performance when evaluated in individuals with

T2DM and compared to other similar equations (Slieker et al., 2021);

viii) The model only used clinical and demographic variables, which provides an
opportunity to update the model with more novel biomarkers discovered via new

technologies, such as metabolomics.

1.6 Summary, project rationale and thesis structure

The increased prevalence of T2DM, which has now reached epidemic proportions
(Saeedi et al., 2019), coupled with a demographic shift towards an aging population,
is resulting in an increased incidence of medical complications associated with both
conditions (Zheng et al., 2018). Characterized by insulin resistance, resulting in
chronic hyperglycaemia, T2DM is a progressive metabolic disorder. Due to the
complex interplay of genetic and environmental factors, most individuals with T2DM
develop at least one common comorbidity, such as CVD, hypertension, dyslipidaemia,
or CKD (Iglay et al., 2016). Detecting these conditions early allows for the modification
of risk factors, which is pivotal in preventing further complications and mortality in
people diagnosed with T2DM. However, the efficacy and cost-effectiveness of
preventative strategies relies on how well we can identify patients at high risk and

provide targeted intervention.

Considering that the mechanisms underlying the decline in kidney function are
heterogeneous and complex, a single causal biomarker can only be linked to one
pathway of the disease, such as fibrosis or tubular damage, capturing only a small
component of the complex pathophysiological mechanisms involved in CKD
development (Colhoun and Marcovecchio, 2018, Bidin et al., 2019). Consequently, the
prognostic value of a single biomarker in predicting CKD onset or progression is
limited. In contrast, investigating multiple biomarkers simultaneously, potentially
involved in different disease pathways, enables the development of biomarker panels
that better represent the intricate nature of the disease (Looker et al., 2015, Colhoun
and Marcovecchio, 2018).

Some studies have used various selection techniques to develop molecular biomarker
panels for successfully predicting CKD onset or renal decline people with diabetes
(Looker et al., 2015, Pena et al., 2015, Mayer et al., 2017, Colombo et al., 2019a) as

well as in the general population (Good et al., 2010, Argiles et al., 2013, Owens et al.,
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2020), others have developed risk prediction models for CKD onset using clinical and
demographic variables, as reviewed previously (Fraccaro et al., 2016, Slieker et al.,
2021). A recent study attempted to improve an established risk prediction model with
a metabolomic score (Zacharias et al., 2019). Here, the metabolomic score was added
to the well-established four-variable Kidney Failure Risk Equation (KFRE) (Tangri et
al., 2011) for the prediction of CKD progression to ESRD in the German Chronic
Kidney Disease (GCKD) study (Zacharias et al., 2019). The KFRE, which includes
age, sex, eGFR, and the natural log-transformed value of UACR as predictors, already
yielded a notable c-statistic of 0.86 (95% CI, 0.83- 0.90) in the 4,640 CKD patients, of
which 185 (3.99%) progressed to ESRD (Zacharias et al., 2019). Upon inclusion of 24
metabolomic features, the c-statistic modestly improved to 0.88 (95% ClI, 0.85- 0.91),
indicating that the metabolomic score achieved a 1.27% improvement in
discrimination. To the best of my knowledge, no studies have integrated these two
approaches, where a pre-selected metabolomic panel was incorporated into an
established risk prediction model to improve the prediction of incident CKD in T2DM

population.

After setting out the aims and objectives of this thesis, in the following chapter (Chapter
2), | provide a thorough description and results of a systematic overview of studies
that explored the metabolomic profiles of incident CKD and new-onset kidney function
decline. The remaining chapters are concerned with the results of my own risk
prediction modelling of declining kidney function in people with T2DM. In this major
part of thesis, | test my overarching hypothesis that metabolomics can be used to
provide additional prognostic information beyond standard clinical risk factors in

predicting new onset CKD in patients with T2DM.
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Chapter 2. Aims and objectives

The key aims of this thesis were 1) to investigate the metabolomic profile of CKD in a

cohort of older T2DM subjects, with the goal of identifying new biomarkers which could

potentially be located within the underlying pathophysiological pathways leading to the

development of CKD; 2) to identify a sparse set of metabolites associated with CKD

in people with T2DM, in order to enhance the accuracy of predicting the risk of CKD

onset in this high-risk population.

Specific objectives were to:

1)

2)

3)

To conduct a scoping review of literature related to metabolomic profiling of
people with declining kidney function in order to describe common statistical
analysis methods and identify predictive/prognostic metabolites associated with

incident kidney decline.

In an explorative cross-sectional study, to investigate the associations between
individual metabolites and baseline kidney function (in terms of eGFR, uACR
and CKD status) and to determine which metabolites were associated with
kidney function independent of known CKD risk factors. Further, to strengthen
the evidence for a possible biological and/or predictive association, to explore
individual associations between the same metabolites and prospective
outcomes (incident CKD and rapid decliner status), in order to identify
associations which were consistent with findings from the cross-sectional study

and to determine if altered metabolite levels might precede CKD onset.

To evaluate an existing kidney disease risk prediction model- the reference risk
prediction model (Nelson et al.,, 2019) in the ET2DS dataset and assess if
modifying this established model with a multi-marker score based on selected
metabolites (the updated risk prediciton model) results in an improvement in the

risk prediction of CKD onset in people with T2DM.
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Chapter 3. Metabolomic signatures for the development,
progression and prognosis of chronic kidney
dysfunction: scoping review

In order to inform my own data analysis aimed at identifying metabolomic signatures
for CKD in people with type 2 diabetes, | undertook a comprehensive search of
published literature to identify previous studies using high-throughput analytical
platforms to measure multiple metabolites and associate these with measures of
kidney dysfunction, irrespective of study population characteristics/co-morbidities.
The findings of this search, together with an assessment of the quality of the identified
studies and a narrative summary of their key findings are presented in this chapter. |
used this process to identify statistical approaches used previously for data analyses

which were similar to my own planned analysis in the ET2DS.

3.1 Background

Previous efforts to summarize findings on metabolomic profiling for kidney disease
have included a number of literature reviews, including a systematic review of
metabolomic markers associated with diabetic nephropathy (Zhang et al., 2015,
Saucedo et al., 2018, Kalantari and Nafar, 2019). However, these reviews are now
somewhat out of date (in a fast-moving area), and, in the case of the review focused
on identifying diagnostic markers of diabetic kidney disease, predominantly focused
on publications with a case-control study design (Zhang et al., 2015). Considering that
kidney function decline is a slow and asymptomatic, yet irreversible process, it may be
of interest to gain a better understanding of biomarkers that better characterise the
CKOD risk early. In this context, the importance of the biomarker lies within its predictive
ability, i.e., the strength of association with prospective outcomes, over and above
clinical risk factors. In addition, since this is an emerging field, it is also of interest to
determine if there are common methods to achieve the overarching objective of

discovering predictive metabolites.

To the best of my knowledge, there are no recent scoping reviews (according to the
PROSPERO register) that have comprehensively identified and summarised studies
investigating metabolomic markers for incident chronic kidney disease and/or kidney
function decline. To address this research need, this scoping review aims to answer

the question:
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i) What is the existing body of literature on high-throughput metabolomics and
the association of metabolomic biomarkers with new-onset kidney decline
or incident CKD?

A subsidiary question, aimed at informing my own approach to analysis in the ET2DS

was:
ii) What statistical analysis methods were used to ascertain the relationships
between metabolomic markers and new-onset kidney decline?
3.2 Methods

3.2.1 Data sources and searches

A comprehensive search was conducted in two databases, MEDLINE (via PubMed)
and EMBASE (via Ovid). Search strategies are presented in Table 3-1. Further manual
searches were performed of the references cited by studies identified in either of these
two databases. My initial search was run in May 2020, prior to starting my own data
analysis, and an updated search was run in February, 2024. The results of the updated

search follow the original results and are presented in section 3.4 in this chapter.

Table 3-1 Key words used for search strategy on OVID Medline (1946 to May 2, 2020).

Database Search items

EMBASE (‘metabolome’/exp OR ‘metabolomics’/exp OR metabolom* OR ‘metabolic
signature® OR ‘metabolic profile® OR lipidom*) AND (‘kidney function’/exp
OR ‘renal function’/exp OR ‘chronic kidney disease’/exp OR ‘chronic kidney
disease progression’/exp OR ‘kidney function decline’/exp OR ‘renal function
decline’/exp OR 'Glomerular Filtration Rate'/exp OR 'end stage kidney
disease'/exp OR 'end stage renal disease'/exp) LIMIT humans, English
language

MEDLINE (("metabolome"[MeSH Terms] OR "metabolomics"[MeSH Terms] OR
"metabolo*"[All Fields] OR "metabolic signature*'[All Fields] OR "metabolic
profile*"[All Fields] OR "lipidom*"[All Fields]) AND ((("chronic kidney
disease"[All Fields] OR "renal function"[All Fields] OR "kidney function"[All
Fields]) AND "Glomerular Filtration Rate"[MeSH Terms]) OR "kidney function
decline"[All Fields] OR "renal function decline"[All Fields] OR "ESRD"[AIl
Fields] OR "ESKD"[AIl Fields] OR "CKD"[All Fields] OR "chronic kidney
disease progression"[All Fields]))
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3.2.2 Eligibility Criteria
Types of Studies

Inclusion criteria (studies had to meet the criteria for all three points below):

1.

Human observational studies (cohort studies or clinical trials) with a prospective
cohort design, which reported association between metabolomic signatures and

new-onset reduced kidney function, in either adjusted or unadjusted terms.

. Studies that used high-throughput analytical platforms such as nuclear magnetic

resonance or mass spectrometry, to identify metabolites in blood (plasma or
serum) or urine samples.

Kidney function was estimated using an equation for glomerular filtration rate
(GFR) or measured using urinary protein levels (e.g., urinary albumin to

creatinine levels).

Exclusion criteria:

1.

Study only analysed a single biomarker or specific selection of biomarkers such

as those from a single chemical class/specific biological pathway.

. Studies of biomarkers irrelevant to metabolomics i.e., non-metabolomic

technologies or evaluated compounds were not metabolites.
Studies where metabolomic signatures were not analysed in relation to declining
kidney function e.g., metabolomic signatures of other renal parameters

(histopathological findings, kidney volume).

4. Animal studies and in vitro studies.

5. Non original studies (case reports, reviews, editorials, guidelines, conferences,

6.
7.

abstract only).
Duplicate publications of the same data.

Not in English.

Participants/ population

Adult subjects (>18 years old), with no restriction to sex, race, or co-morbidity status.

Main outcomes (any of the following):

1.
2.

Incident CKD.
New-onset kidney function decline e.g., annual rate of change in kidney function
absolute change from baseline to follow-up, end-stage renal disease (ESRD).

Incident albuminuria.
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3.2.3 Study selection and coding process

The studies retrieved and imported into EndNote (version X9.3.1) were screened
based on eligibility criteria. If deciding on the eligibility of an article is not possible by
screening the title and abstract, the full-text article was considered. Studies were only
selected if all inclusion criteria were met. Although an ideal review requires two
reviewers working independently, it was not practical for me to involve a second
reviewer as the review was not the main analysis of my PhD project. Nor was it realistic
for me to translate studies published in languages other than English, so foreign
language studies were excluded, unless there was at least an abstract published in

English.
3.1.1 Data Iltems

Extracted data was narratively synthesised to describe both the statistical methods
used and to summarise metabolites that showed statistically significant associations
with prospective outcomes related to kidney function decline. The following data was

extracted into an Excel spreadsheet developed specifically for the review:

i) Study characteristics: reference (first author, publication year, journal name,
study name and location), study design, follow-up time, number and major
characteristics of participants;

ii) Definition of main outcome;

iii) Metabolomics analysis methods (analytical platform, sample type, number of
metabolites detected/measured);

iv) Statistical analysis approach (dimension reduction, multiple testing correction,
modelling, adjustment for covariates);

V) Statistically significant metabolites.

3.2.4 Risk of bias

| evaluated methodological quality of studies using an eight point scale based on the
relevant components of United States National Institutes of Health Quality
Assessment Tool for Observational Cohort and Cross-Sectional Studies (National
Heart and Institute, 2014) (Table 3-2). Full marks for each item were awarded a
score of 1, if the details were incomplete then 0.5 score was awarded and zero for
not completed criteria. Studies scoring 0-3 were regarded as low quality, while
scores 4-8, as high quality.
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Table 3-2 Criteria for methodological quality assessment in studies that met inclusion criteria
for scoping review.

Introduction: Was the research question or objective in this paper clearly stated?

Methods- population: Was the study population clearly specified and defined?

Methods- participation: Was the participation rate of eligible persons at least 50%?

Methods-outcome: Were outcome measures (dependent variables) clearly defined, valid, reliable,

and implemented consistently across all study participants?

Methods-exposure: Were the exposure measures (independent variables) clearly defined, valid,

reliable, and implemented consistently across all study participants?

Were confounding variables measured and adjusted statistically for their impact on the relationship

between exposure(s) and outcome(s)?

Methods- missing data: Describe how missing data were handled (e.g., complete-case analysis,

single imputation, multiple imputation) with details of any imputation method.

Methods-Statistical analysis: Specify type of model, all model-building procedures (including any

predictor selection) and method for internal validation.

Methodological Quality Score: 1= full marks, 0.5= incomplete, 0= not completed

3.3 Results

3.3.1 Study selection
There were 1,365 and 320 articles retrieved from EMBASE and MEDLINE,

respectively (total of 1,581). All records were imported in a single library on EndNote
for further management. Figure 3-1 shows the process of the literature search and
study selection. After removal of duplication (n=219), 1,362 records were left for
screening. These articles were screened by titles at first and 1,173 were removed
because they were conference abstracts or reviews, mainly focused on animal
research or drug/treatment effects in people with kidney disease and focused on other
outcomes (particularly cardiovascular ones) in people with kidney disease. This left
the number of articles to be further assessed at 189, and these articles were reviewed
by screening the abstracts. This resulted in 154 studies being excluded (106 did not
include longitudinal analysis, 26 did not apply high-throughput techniques to profile
metabolites or focused on a pre-selected panel of metabolites, 22 were literature
reviews or editorial letters and two focused on children). After the full texts of the
remaining 35 articles were examined, 26 articles remained (five excluded because the
study was designed using a hypothesis driven approach in regards to metabolites

selected/analysed, one did not include prospective analysis, one used multi-omics
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platform (an approach which integrated datasets obtained from multiple omics / high-

throughput technologies) and one was a methodological study of alternative sample

medium). Hand-searching the references did not reveal any additional literature.

Identificatipn

Records identified through
database searching (n = 1,581)

Screening

Eligibility

Includgd

Records after duplicates removed
(n=219)

l

Records screened
(n=1362)

l

Abstracts assessed for
eligibility (n = 35)

Records excluded after title
screen
(n=1173)
Records excluded after
abstract screen
(n=154)

l

Full-text articles included

in qualitative synthesis
(n = 26)

l

Additional records identified

through reference searching
(n=0)

Figure 3-1 Flow Diagram of search results.

A 4

Full-text articles excluded,
(n=09,
5 studies used pre-selected
metabolites, 1 study did not
use blood or urine samples;
2 studies used multiple
analytical platforms to create
a biomarker panel); 1 study
did not include prospective

analysis
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3.3.2 Characteristics of included studies

Detailed characteristics of the 26 identified papers were tabulated (Table 3-3) and the
quality assessment of included studies is shown in Table 3-4. None of the studies were
marked as low quality according to the eight-point scale. The lowest quality paper
scored 5 points, because it did not provide information regarding participant attrition in
cohorts studied, failed to provide details on how the missing data was handled and did

not sufficiently report on the longitudinal analysis.

The earliest publication was released in 2013 (Goek et al., 2013). There was an
average of three relevant articles released per year, but generally the number of
publications increased over time and there were six publications in 2018 and 2019.
The populations studied were from 14 countries (including the replication cohorts),
with the predominant countries being the United States, which included studies of
Native American populations (Rhee et al., 2013, Niewczas et al., 2014, Yu et al., 2014,
Afshinnia et al., 2016, Rhee et al., 2016, McMahon et al., 2017b, Niewczas et al.,
2017, Xu et al., 2018, Afshinnia et al., 2019, Afshinnia et al., 2020), Germany (Goek
et al., 2013, Sekula et al., 2016, Zacharias et al., 2019) and Denmark (Pena et al.,
2014, Tofte et al.,, 2019a). The remaining studies were mainly European cohorts,
including those from UK (Sekula et al., 2016, Colombo et al., 2019b), Italy (Solini et
al., 2016, Tavares et al., 2018), France (Nkuipou-Kenfack et al., 2014) and Belgium
(Gil et al., 2018). Interestingly, one study used a meta-analysis approach, where
multiple cohorts from four European countries (UK, Spain, Germany and Finland) were

analysed together (Barrios et al., 2018).

Some publications were based on the same cohort population, but either applied
different metabolomic analysis platform or analysed the metabolomic markers in terms
of a different outcome. Three of the selected publications used Chronic Renal
Insufficiency Cohort (CRIC) (Afshinnia et al., 2016, Rhee et al., 2016, Afshinnia et al.,
2020), three used Cooperative Health Research in the Region of Augsburg (KORA)
cohort (Goek et al., 2013, Sekula et al., 2016, Barrios et al., 2018), two used Twins
UK cohort (Sekula et al., 2016, Barrios et al., 2018), Arthrosclerosis Sisk in Community
Study (ARIC) (Yu et al., 2014, McMahon et al., 2017b) and Joslin Kidney study cohort

(Niewczas et al., 2014, Niewczas et al., 2017).
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In terms of cohort size, the number of participants ranged from 49 to 4,640 (Nkuipou-
Kenfack et al., 2014, Zacharias et al., 2019). More than half of the selected
publications included between 100 and 1000 participants (Afshinnia et al., 2016,
Kimura et al., 2016a, Kimura et al., 2016b, Rhee et al., 2016, Sekula et al., 2016, Solini
et al., 2016, Niewczas et al., 2017, Gil et al., 2018, Xu et al., 2018, Titan et al., 2019,
Tofte et al., 2019a, Afshinnia et al., 2020, Colombo et al., 2019b). There were seven
studies that included more than a thousand participants (Goek et al., 2013, Yu et al.,
2014, Rhee et al., 2016, McMahon et al., 2017b, Barrios et al., 2018, Wang et al.,
2018, Zacharias et al., 2019). Most studies included approximately even proportions
of both sexes (males ~50%) and involved participants with a non-specific mixture of
comorbidities such as hypertension, cardiovascular disease and diabetes and one
study was conducted in sub-populations of both T2DM and non-T2DM population
(Barrios et al., 2018). Furthermore, four publications focused specifically on the type
1 diabetes group of patients (Pena et al., 2014, Colombo et al., 2019b, Tofte et al.,
2019a), and five publications focused on people with T2DM (Niewczas et al., 2014,
Pena et al., 2014, Solini et al., 2016, Niewczas et al., 2017, Tavares et al., 2018).
Lastly, one study specifically studied the risk of kidney function decline in a group of
individuals diagnosed with sickle cell disease (a known risk factor for ESRD) (Xu et
al., 2018).

Since the outcome of interest was the new-onset of kidney function decline, by the
nature of the study selection criteria all of the studies included were prospective
cohorts, in which the biomarker levels were measured before the onset of the
outcome. Notably, some studies carried out analysis to compare a group of people
who developed the outcome with an equivalently-sized age and sex matched group of
people who did not develop the outcome, from the same cohort (Niewczas et al., 2014,
Pena et al., 2014, Afshinnia et al., 2016, Rhee et al., 2016, McMahon et al., 2017a,
Gil et al., 2018). The follow-up period ranged from 2.4 years to 19.6 years (Yu et al.,
2014, Gil et al., 2018). The most common renal endpoint studied was the CKD
progression to ESRD or requirement of dialysis, which was the focus of 11 articles
included in the review (Niewczas et al., 2014, Afshinnia et al., 2016, Kimura et al.,
2016a, Kimura et al., 2016b, Niewczas et al., 2017, Tavares et al., 2018, Titan et al.,
2019, Tofte et al., 2019a, Zacharias et al., 2019, Afshinnia et al., 2020). The second

most common outcome was incident CKD in terms of eGFR drooping below 60 ml
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min~' (1.73 m)~2, which was investigated in seven studies (Goek et al., 2013, Rhee et
al., 2013, Yu et al., 2014, Sekula et al., 2016, Solini et al., 2016, McMahon et al.,
2017b, Wang et al., 2018). In addition, six studies investigated the metabolomic
marker associations with eGFR decline which was defined either in terms of eGFR
slope (commonly having a binary threshold for eGFR decline of >3 mL/min/1.73 m?)
or an absolute change in eGFR from baseline to follow-up (Goek et al., 2013, Nkuipou-
Kenfack et al., 2014, Rhee et al., 2016, Barrios et al., 2018, Xu et al., 2018, Gil et al.,
2018, Afshinnia et al., 2019, Colombo et al., 2019b). Finally, only one study
investigated the progression of albuminuria (Pena et al., 2014) in a study of a T2DM
cohort, were a progression from normal albumin levels to mildly increased level and a
separate comparison in those with mild albuminuria to modestly increased

albuminuria.
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Table 3-3 Characteristics of the cohort studies associated with incident kidney function decline or new-onset kidney function decline.

First author, year, Study name and Study design  Follow up  Number of Outcomes (definition and Baseline
journal country (years) participants proportion of cases in cohort) characteristics
(mean age (years),
proportions in %)

Goek et al. (2013), KORA Survey 4/Follow-  Prospective, 71 1104 Incident CKD (eGFR <60 Age 63.3 years

Nephrology Dialysis  up4, Germany general mL/min/1.73 m2) n=106 (10%); Male 50.9%

Transplant population eGFR decline >3 mL/min/1.73 m2 DM 6.2%; HTN 34%

Rhee et al. (2013), Framingham Offspring Prospective, 8 1434 Incident CKD (eGFR <60 Age 61 years

Journal of the Study, US general mL/min/1.73 m? at FU) Male 51%

American Society of population n=123 (9%) HTN 62%; DM 17%

Nephrology

Yu et al. (2014), ARIC, US Prospective, 19.6 1921 Incident CKD (eGFR <60 Age 54.4

Clinical Journal of general mL/min/1.73 m?) Male 86%

the American population n=204 (11%) CHD 13%; DM 77%

Society of

Nephrology

Niewczas et al. Joslin Study, US Prospective, 8-12 80 CKD progression to ESRD Male 55%

(2014), Kidney select group n= 40 (50% cases) T2DM 100%

International comparison

Nkuipou-Kenfack et ~ Hospital patients, France Prospective, 2.86 49; GFR slope (as continuous Age 66 years

al. (2014), PLoS select group Train: n=20;  variable) Male 70%

One comparison Test n=29

Pena et al (2014), PREVEND, Netherlands; Prospective, 29 48 and 42 Normo-albuminuria to micro- Age 65 years

Diabetic medicine Steno Diabetes Center T2DM cohort, albuminuria (n=24); micro- Male 17%
Copenhagen, Denmark select group albuminuria to macro-albuminuria  T2DM 100%

comparison (n=21
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Afshinnia et al.
(2016), Kidney
International

Kimura et al.
(2016a), Scientific
Reports

Kimura et al.
(2016b), Scientific
Reports

Rhee et al. (2016),
American Journal of
Nephrology

Sekula et al. (2016),
Journal of the
American Society of
Nephrology

Solini et al. (2016),
The Journal of
Clinical
Endocrinology &
Metabolism
McMahon et al.
(2017b), Kidney
International

CRIC study, US

Patients from Rinku

General Medical Centre,

Japan

Patients from Rinku

General Medical Centre,

Japan
CRIC study, US

KORA Survey4/F4,
Germany;

Replication: TwinsUK,

UK; AASK, US

Academic T2DM

outpatient clinics, Italy

Framingham Heart
Study, United States;
ARIC, US

Prospective,
select group
comparison

Prospective

Prospective

Prospective,
select group
comparison

Prospective

Prospective

Prospective,
select group
comparison

4.3

4.1

2.84

7.1

9.7

200

108

112

400

KORA
n=991;
TwinsUK
n=1164;
AASK n=188

286

Framingham
Heart Study

n=386; ARIC
n= 998

Tot. n= 1384

CKD progression to ESRD or 25%
decline in eGFR, n=79 or 39.65 %
progressors , n=121 or 60.5%
non-progressors)

ESRD defined as kidney
replacement therapy (n=58,
53.5%) or death (15, 13.9%)

ESRD defined as kidney
replacement therapy (n=61,
54.5%) or death (17, 15.2%)

eGFR decline < =3 ml/min/1.73
m2/yr (n=200, 50%)

Incident CKD
KORA n=95, 10%;
TwinsUK n=36;
AASK n=188

Incident CKD, eGFR < 60
mL/min/1.73 m2,
(n=45, 16%)

Incident CKD (eGFR <60 ml/min
per 1.73 m?)
(n=193, 14%)

Age 59 years
Male 68%
DM 47%; HTN 85%

Age 65 years
Male 75%
DM 30.6%

Age 65 years
M%75
DM 31%

Age 60 years

Male 57%

HTN 95%; DM 55%;
CVD 47%

KORA:

Age 63 years

Male 71%

DM 0.6%

Age 68 years
Male 56%
T2DM 100%

Age 63 years
Male 51%
HTN 47%; DM 10%
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Niewczas et al.
2017, Diabetes Care

Barrios et al. 2018,
Scientific reports

Gil et al. (2018),
Nephrology Dialysis
Transplant

Tavares et al (2018),
Metabolomics

Wang et al. (2018),
Journal of the
American Society of
Nephrology

Xu et al. (2018), Am
Journal of
Hematology &
Oncology

Afshinnia et al
(2019), JCI Insight.

Joslin Kidney Study, US

GenodiabMar (n = 655),
Spain; TwinsUK, UK
(n=1279, 111 with
T2D); KORA, Denmark
(n=1784, 160 with
T2D); Young Finns,
Finland (n = 2046)
Nephrology Outpatient
Clinic, Belgium

Nephrology Outpatients
with T2DM, ltaly

Community, China

Outpatients with sickle
cell disease, US

Renoprotection in early
diabetic nephropathy in
Pima Indians trial, US

Prospective,
select T1DM
patients with
CKD at BL

Prospective,
meta-analysis

Prospective,
select group
comparison

Prspective,
randomized
control trial

Prospective

Prospective

Prospective,
randomized
control trial

11

24

2.5

158

Subset of
3644
included in
longitudinal
analysis

114

56

1765

193

92

eGFR slope (as continuous
variable);
ESRD (n=99, 63%)

eGFR slope (as continuous
variable, average no stated)

eGFR change of 8% to —15% per
year (n=57, 50%)

ESRD defined as doubling of
serum creatinine or death (n=17,
30.3%)

Incident CKD (eGFR<60 mi/min
per 1.73 m?) (n=274, 16%)

eGFR decline of 23 mL/min/year),
n=71 (36.8%)

eGFR decline of 40% (n=32,
34.8%)

Age 45 years
Male 25%

Age 41-70 years
Male 4.3- 60.9%
T2DM 25%

Age 62 years
Male 60%
SAH 96%

Age 58 years
Male 33%
T2DM 100%

Male 42%
CVD 9%; HTN 50%;
T2DM 10%

Age 43 years
Male 47%

Age 43 years
Male 16%
HTN 40.6%
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Colombo et al
(2019), Diabetologia

Titan et al (2019),
PLoS One

Tofte et al (2019a),
Scientific Reports

Tofte et al. (2019a),
Frontiers in
Endocrinology

Zacharias et al.
(2019), Journal of
Proteome
Afshinnia et al.
(2020), Nephrology
Dialysis Transplant

SDRNT1BIO, UK;
Replication-
FinnDlane, Finland

Progredir Cohort Study,

Brazil

Steno Diabetes Center,

Denmark

Steno Diabetes Center,

Denmark

GCKD study, Germany

CRIC, United States

Prospective

Prospective

Prospective

Prospective

Prospective

Prospective

5.2and 8.8 859 and 315

5.8; 5.3;
6.2

5.2;5.2;
6.2

3.7

10

454

669

669

4640

200

eGFR decline 23 mL/min/year

(22.6% and 40.3%)

ESRD or death, n=129 (28.4%)

normo- to microalbuminuria, or
micro- to macroalbuminuria
(n=37); eGFR =30% decrease
(n=93); new-onset ESRD (n=21);

death (n=58)

Total: combined renal endpoint
(any of the above) n=125

eGFR decline from baseline
(=30%), n=91, progression to end-
stage renal disease n=21 and all-

cause mortality n=58;

Total: combined renal endpoint
(any of the above) n=123
Incident ESRD, n=185 (3.99%)

Incident ESRD, n=123 (61.5%)

Age 55 and 46 years
Male 44% and 66
T1DM 100%

Age 67 years
Male 63%
HTN 90%; DM 57%

Age 55 years
Male 55%
T1DM 100%

T1DM 100%

Age 60 years
Male 60%

Age 58 years
Male 70 %
DM 54%; HTN 94%

Abbreviations: AASK, African American Study of Kidney Disease and Hypertension; ARIC, atherosclerosis risk in communities; BL, baseline; CKD, chronic
kidney disease; CRIC, Chronic Renal Insufficiency Cohort; CVD, cardiovascular disease; eGFR, estimated glomerular filtration rate; FinnDlane, Finnish
Diabetic Nephropathy study; GCKD, German Chronic Kidney Disease; HTN, hypertension; KORA, Cooperative Health Research in the Region of Augsburg;
M%, Percentage of males; PREVEND, Prevention of REnal and Vascular End-stage Disease; SDRNT1BIO, Scottish Diabetes Research Network Type 1
Bioresource; T1DM, type 1 diabetes mellitus; T2DM, type 2 diabetes mellitus.
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Table 3-4 Quality assessment of included studies.

Missing

Statistical

Study reference Aims Population Attrition Outcome Exposure Covariates Total
data methods

Goek, et al. (2013) 1 1 0 1 1 1 1 1 7
Rhee, et al. (2013) 1 1 1 1 1 1 1 1 8
Yu, et al. (2014) 1 1 1 1 1 1 1 1 8
Nkuipou, et al. (2014) 1 1 0 1 1 0 1 1 6
Niewczas, et al. (2014) 1 1 1 1 1 1 1 1 8
Pena et al. (2014) 1 1 0 1 1 1 1 1 7

Afshinnia et al. (2016) 1 1 1 0.5 1 1 1 1 7.5
Kimura et al. (2016) 1 1 1 1 1 1 0 1 7
Kimura et al. (2016) 1 1 1 1 1 1 0 1 7
Rhee et al. (2016) 0.5 1 1 0.5 1 1 0 1 6
Solini,et al. (2016). 1 1 0 1 0 1 1 1 6
Sekula, et al. (2016). 1 1 1 1 1 1 1 1 8
McMahon, et al. (2017). 1 1 1 1 1 1 1 1 8
Niewczas et al. (2017) 1 1 1 1 1 1 0 1 7
Barios et al. (2018) 1 1 0 1 1 1 0 0 5
Gil, etal. (2018). 1 1 0 1 1 1 1 1 7
Tavares et al (2018) 1 1 1 1 1 0 0 1 6
Wang, F. J., et al. (2018). 1 1 1 1 1 1 1 1 8
Xu et al. (2018) 1 1 1 1 1 0 1 1 7
Afshinnia et al. (2019) 1 1 1 1 0.5 1 0 1 6.5
Colombo et al. (2019) 1 1 1 1 1 1 1 1 8
Titan et al. (2019) 1 1 1 1 1 1 1 1 8
Tofte, N., et al. (2019) 1 1 1 1 1 1 1 1 8
Tofte, etal. (2019) 1 1 1 1 1 1 1 1 8
Zacharias et al. (2019), 1 1 1 1 1 1 1 1 8
Afshinnia et al. (2020) 1 1 1 1 1 1 0 1 7

67



3.3.3 Methods used for metabolomic measurements

Metabolomic profiling analytical methods used in all included studies were
summarised (Table 3-5). Metabolomic profiles were investigated using either blood
serum or plasma in most studies, but some studies analysed urine samples (Nkuipou-
Kenfack et al., 2014, Pena et al., 2014, Solini et al., 2016, McMahon et al., 2017a, Gil
et al., 2018). The majority of studies (22 of 26) used mass spectrometry for analytics,
while only three studies used nuclear magnetic resonance approach and one study
used high-performance liquid chromatography to measure chiral amino acids (Kimura
et al., 2016a). In terms of metabolomic profiling, half of the studies used a targeted
method to measure and quantify know metabolites. The number of metabolites
measured ranged from 16 amino acids to 406 lipids (Kimura et al., 2016a, Afshinnia
et al., 2019). Targeted metabolites mainly included lipoprotein subclass, amino acids,
and uremic solutes. The most commonly used kit for measurement and quantification
of metabolites in targeted analysis was Absolute IDQTM kit p180 (Goek et al., 2013,
Nkuipou-Kenfack et al., 2014). An untargeted profiling approach was used in the
remaining half of included studies and identified up to 10,940 metabolite signals (Titan
etal., 2019) and up to 510 known metabolite features analysed (Afshinnia et al., 2016).
To identify known metabolites from the signals measured, a few studies used a

Metabolon platform (Niewczas et al., 2014, Yu et al., 2014, Niewczas et al., 2017).
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Table 3-5 Metabolomic techniques used in included studies.

Article reference

Assay Sample Metabolomic profiling

type

Goek et al. (2013) MS S Targeted (Absolute IDQTM kit p180) measurement of 140 metabolites and their 19 460 ratios; metabolite classes
were mainly amino acids, lipids, energy related, vitamins, peptides.

Rhee et al. (2013) MS P Targeted- 217 metabolites measured, 54 positively charged polar analytes, 59 negatively charged polar analytes
(organic acids, sugars, bile acids) and 104 lipids.

Yu et al. (2014) MS S Non-targeted (Metabolon), 204 serum metabolites quantified. 187 metabolites had 250% above the detection
limit, and included amino acids, lipids and xenobiotics.

Niewczas et al. MS P Non-targeted (Metabolon) detection of mass spectra of 123 metabolites global profiling including uremic solutes,

(2014) amino acids and their derivatives

Nkuipou-Kenfack et MS UP Targeted (Absolute IDQTM kit p180) measured and quantified amino acids, acylcarnitines, sphingomyelins,

al. (2014) phosphatidylcholines, hexose (glucose), and biogenic amines

Pena et al. (2014) MS UP Non-targeted, 265 plasma and 231 urine metabolites were quantified. Acylcarnitines, glycerophospholipids,
sphingomyelins, amino acids, hexoses and biogenic amines were analysed in plasma and urine, whereas bile
acids, eicosanoids and energy metabolism were measured in plasma.

Afshinnia et al. MS S Non-targeted, 510 known lipids measured.

(2016)

Kimura et al. HPLC P Targeted. 16 chiral amino acids (D-Amino acids, the enantiomers of L-amino acids)

(2016a)

Kimura et al. MS P 218 metabolites, glycolysis, amino acids, amino sugar and glucoronate, biotin, glutathione, and taurine.

(2016b)

Rhee et al. (2016) MS P 160 metabolites measured. Positive probe- Amino acids, amino acid metabolites, acylcarnitines, dipeptides,
nucleotides, and other cationic polar metabolites. Negative- Sugars, sugar phosphates, organic acids, bile acids,
nucleotides and other anionic polar metabolites.

Sekula et al. (2016) MS S Non-targeted; 321 identified known metabolites including 81 amino acids and related compounds, 14
carbohydrates, 15 cofactors and vitamins, 6 metabolites related to energy metabolism, 130 lipid metabolism
derivatives, 14 purine and pyrimidine bases, 27 peptides, and 34 xenobiotics.

Solini et al. (2016) MS us Non-targeted quantification of amino acids, lipids, carbohydrates, xenobiotics and energy related metabolites
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McMahon et al.
(2017Db)

Niewczas et al.
(2017)

Barrios et al. (2018)

Gil et al. (2018)

Tavares et al.
(2018)

Wang et al. (2018)
Xu et al. (2018)

Afshinnia et al
(2019)
Colombo et al

(2019)
Titan et al (2019)

Tofte et al. (2019a)
Tofte et al. (2019a)
Zacharias et al.

(2019)

Afshinnia et al.
(2020)

MS

MS

NMR

NMR

MS

MS

MS

MS

MS

MS

MS

MS

NMR

MS

Targeted, analysis of metabolites related to genetic variants associated with incident CKD, mainly amino acids.

Non-targeted (Metabolon) detected 110 amino acids and purine and pyrimidine metabolites

Targeted, 227 metabolites and ratios belonging to lipids, amino acids, ketone bodies, inflammation, fluid balance
and energy-related metabolites.

Non-targeted metabolites from the tricarboxylic acid cycle, amino acids (e.g., threonine), lipid metabolism (e.g.,
ethanolamine), gut microbiome—derived uraemic toxins (e.g., indoxyl sulphate and p-cresol sulphate), uracil and
glycolic acid

Non-targeted analysis detected and quantified 186 known metabolites including energy-related metabolites and
amino acids

Targeted: Quantified 22 amino acids and 34 acylcarnitines
Targeted and non-targeted- 179 known measured metabolites related to genetic variant in APOL1 gene.

Targeted. Measured 406 lipids from 18 classes, including triacylglycerols, diacylglycerols, monoacylglycerols,
phosphatidylcholines, cholesteryl-esters, cardiolipins, phosphatidic acids, phosphatidylinositols,
phosphatidylglycerols, phosphatidylserines, sphingomyelins.

Targeted. 297 circulating biomarkers (30 proteins, 121 metabolites, 146 tryptic peptides)

Nontargeted. 10940 metabolites detected; 293 metabolites were analysed including amino acids and energy
related metabolites

Non-targeted. 106 known lipids from 5 classes (diacyl-phosphatidylcholines, alkyl-acyl-phosphatidylcholines,
lyso-phosphatidylcholines, triacylglycerols, and sphingomyelins were identified and analysed

Non-targeted. 75 metabolites were identified and included in data analyses, which consisted of amino acids, free
fatty acids, compounds from the energy metabolism pathways and polyols

Non-targeted analysis identified 127 known metabolites including amino acids and energy-related metabolites.

Targeted. 85 metabolites were analysed which consisted of products of arachidonic acid metabolites.

HPLC, high-performance liquid chromatograph; MS, mass-spectrometry; NMR, nuclear magnetic resonance

70



3.3.4 Statistical approaches for metabolomic association analysis
Statistical methods used in the included studies are described in Table 3-6. As the
initial step, many studies opted to use traditional statistical methods in order to assess
the associations between each metabolite measured and kidney function at baseline.
There were nine studies that used linear regression models to investigate the
associations between individual metabolites and markers of kidney function (Goek et
al., 2013, Niewczas et al., 2014, Yu et al., 2014, Sekula et al., 2016, Barrios et al.,
2018, Wang et al., 2018, Xu et al., 2018, Colombo et al., 2019b, Tofte et al., 2019a),
while one study considered reduced kidney function status as a dichotomous variable
and used a logistic regression model accordingly (Afshinnia et al., 2016). There was
also three studies that used correlation analysis to evaluate the associations between
each metabolite and kidney function (Kimura et al., 2016a, Kimura et al., 2016b,
Niewczas et al., 2017) and three used a t-test (Rhee et al., 2013, Pena et al., 2014,
Tavares et al., 2018).

Alternative approach using dimensional-reduction methods were used in eight studies
(Nkuipou-Kenfack et al., 2014, Afshinnia et al., 2016, Solini et al., 2016, McMahon et
al., 2017b, Gil et al., 2018, Afshinnia et al., 2019, Tofte et al., 2019a, Zacharias et al.,
2019). Here, principal component analysis, partial least analysis or the least absolute
shrinkage and selection operator (LASSO) methods were used to select a small group
of informative metabolites. In addition, three of these studies combined the significant
metabolites into a score and investigated the predictive performance either alone or in
addition to clinical risk factors (Nkuipou-Kenfack et al., 2014, Solini et al., 2016,
Zacharias et al., 2019).

As the final stage of analysis, majority of studies opted to use traditional modelling
techniques where the statistically significant metabolites were analysed using either a
logistic or cox regression analysis for their associations with prospective outcomes.
Logistic regression was a slightly more popular approach with 11 studies using it as
the final step of their analysis (Goek et al., 2013, Rhee et al., 2013, Niewczas et al.,
2014, Pena et al., 2014, Afshinnia et al., 2016, Rhee et al., 2016, Solini et al., 2016,
Sekula et al., 2016, Niewczas et al., 2017, Wang et al., 2018, Afshinnia et al., 2020).
The second most popular analysis approach was using Cox proportional hazards
method, with eight studies opting to use it (Yu et al., 2014, Kimura et al., 2016a, Kimura
et al., 2016b, Tavares et al., 2018, Afshinnia et al., 2019, Titan et al., 2019, Tofte et
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al., 2019a, Tofte et al., 2019b, Zacharias et al., 2019). In these studies, metabolites
that remained significant after adjustment for covariates were considered as potentially

associated with development or progression of kidney function decline.

All studies adjusted for traditional risk factors in regression models for incident
outcomes (including age, sex, systolic blood pressure, smoking, body mass index,
etc.). Among studies using traditional statistical methods to select most relevant
metabolites, nine studies applied false discovery rates (FDR) procedures to take
account of the issue of multiple comparisons (Niewczas et al., 2014, Pena et al., 2014,
Kimura et al., 2016a, Kimura et al., 2016b, Niewczas et al., 2017, Barrios et al., 2018,
Titan et al., 2019, Tofte et al., 2019a, Afshinnia et al., 2020). There were also seven
studies that used a more stringent Bonferroni correction method to address the same
issue (Goek et al., 2013, Rhee et al., 2013, Yu et al., 2014, Rhee et al., 2016, Sekula
et al., 2016, Wang et al., 2018, Colombo et al., 2019b).
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Table 3-6 Statistical analysis and results for metabolites associated with incident kidney function decline and progression.

Reference = Dimension reduction Multiple Statistical Covariates Statistically significant metabolites and
comparison analysis adjusted effect sizes
Goek et al. Metabolites measured 186 > Bonferroni LR age, SBP, current Spermidine (OR 1.15 95% CI: 0.91-1.44)
(2012a) quantified 140 and 19460 ratios i)p < 0.00036 smoking, serum Kynurenine/Tryptophan (1.36 95% CI: 1.11—
- discovery screen- LM>LR ii)p<2.6x1076 glucose, eGFR 1.66), Phosphatidylcholine diacyl /acylalkyl
(incident CKD; eGFR decline) antihypertensives, (0.72 95% CI: 0.56-0.93)
Rhee etal.  measured 217 metabolites > Bonferroni, LR eGFR, age, sex, HTN, Kynurenic acid OR 1.53 (95%CI 1.25, 1.88);
(2013) two-tailed t tests > LR (incident P< 0.00023 DM, BL proteinuria Kynurenine 1.49 (1.22, 1.83); Citrulline1.48
CKD) (1.19, 1.83); Choline 1.46 (1.17, 1.82);
Xanthosine 1.46 (1.21, 1.76); b-aminoisobutyric
acid 1.41 (1.15, 1.72); Aconitate 1.32 (1.07,
1.62); Isocitrate 1.28 (1.05,1.58); 5-
hydroxyindoleacetic acid, 0.62 (0.51, 0.76)
Yu et al. quantified n=602-> 118 Bonferroni Cox age, sex, SBP, HDL, n=40 named and n=34 unnamed metabolites
(2014) assigned ID->linear model- P<0.001 LDL, antihypertensive significant in cross-sectional analysis.
associations with eGFR at use, DM, CHD, smoking  5-oxoproline HR 0.70; (0.60 to 0.82)
baseline > Cox (incident CKD) 1,5-anhydroglucitol HR0.68; (0.58 to 0.80)
Niewczas et Measured, 262 metabolites> FDR LR UAER, eGFR, HbA1c P-cresol OR 1.7 (95% CI 1.0, 2.8);
al. (2014) 119 were stable > general Benjamini- Phenylacetylglutamine 1.7 (1.0, 2.9);
linear model-analysis of fold Hochberg, g- pseudouridine 2.8 (1.5, 5.5); Indoleacetate 2.4
difference >LR (ESRD) value <0.05 (1.3, 4.3); Urate 2.5 (1.3, 4.8)
Nkuipou- Wilcoxon rank sum > FDR SVM - Multi-marker panel- 17 plasma metabolites r=
Kenfack et MosaCluster used to build a Benjamini- 20.6009, p = 0.0019
al. (2014) classifier- vector machine > Hochberg, g- 13 urinary metabolites r = 20.6574, p = 0.0005
significant metabolites markers  value <0.05

combined into a score
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Pena et al.
(2014)

Afshinnia et
al. (2016)

Kimura et
al. (2016a)

Kimura et
al. (2016b)

Rhee et al.
(2016)

Solini et al.
(2016)

Metabolites below the detection
limit in >70% of participants
excluded - 265 plasma and
231 urine metabolites analysed
with pairwise t-test> LR to
predict albuminuria status
compound-by-compound t-
test> FDR - the top lipids with
nominal significance were
analysed with three methods
and compared: PLS-DA, RF
and LR to predict ESRD
Independent associations
between metabolites and
eGFR- Spearman rank
regression analysis > Cox to
predict ESRD

Independent associations
between metabolites and
eGFR- Spearman rank
regression analysis > Cox to
predict ESRD

Metabolites associations (
prospective and cross-sectional
outcome, LR)-> significant in
both, sum of coefficients
(composite score) > LR (CKD
decliner)

Random forest analysis
selected top 30 metabolites
associated with a baseline CKD

FDR
Benjamini-
Hochberg, g-
value <0.05

FDR
Benjamini-
Hochberg, g-
value <0.05

FDR Holm

FDR Holm

Bonferroni,
P< 0.0003

LR

LR

Cox

Cox

LR

LR

UAER, and eGFR

eGFR, UACR, age, sex,
race, diabetes, HTN,
CHD

eGFR, UAER, DM, age,
sex, hemoglobin level,
mean blood pressure,
historical CVD,
antihypertensive use.

eGFR, UCPCR, DM,
age, sex, calcium
phosphate, blood
pressure, historical
CVD, haemoglobin

age, sex, race/ethnicity,
HTN, SBP, DBP,
diabetes, eGFR and
eGFR, and proteinuria

female sex, age, fasting
glucose, and baseline
eGFR

plasma histidine (fold change=0.87,P=0.02)
butenoylcarnitine (1.17,P=0.007); urine, hexose
(0.2,P<0.001), glutamine (0.32,P<0.001),
tyrosine (0.51,P=0.006)

diacylglycerols (OR 0.71, 95% CI: 0.43 — 0.85,
P < 0.001) and 0.66 (95% CI: 0.33 t0 0.83, P =
0.002),monoacylglycerol OR 5.45 (95% CI: 2.51
-11.86, P < 0.001)

D-Asn 3.07(1.30-7.26), P<0.05

Isethionate 2.92 (1.76—4.84); Saccharate 2.60
(1.65—4.10); Trimethylamine N-oxide 2.30
(1.54-3.43); Gluconate 2.50 (1.41-4.44)

None significantly related to prospective
outcomes

Metindex: C-glycosyl tryptophan,
pseudouridine, and N-acetylthreonine
combined: OR 5.48 (95% ClI, 2.23-14.47)
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Sekula et
al. (2016)

McMahon
et al.
(2017a)

Niewczas et
al. (2017)

Barrios et
al. (2018)

Gil et al.
(2018)

- Multivariate LR (incident
CKD) - multi-marker panel

Quantified n=493, named n=
321> 422 metabolites and
87,762 ratios; correlating with
eGFR (r>0.5) > multivariate
linear regression 2> LR to
predict CKD onset

Measured 154 metabolites >
quantified 151> PCA (24
clusters) > LR between key
metabolite in each cluster and
incident CKD

Metabolites detected in >80%
participants—> spearman’s rank
correlation with eGFR slope—>
Cox regression for ESRD

Independent associations
between metabolites and eGFR
slope using LM

Orthogonal PLS-> assigned
metabolite ID> quantified> LM
(baseline eGFR or eGFR slope)

Bonferroni
P<0.0001;
for ratios
P<0.0000005

Bonferroni
P<0.0021

FDR
Benjamini-
Hochberg,
<0.05

FDR
Benjamini-
Hochberg,
<0.05

None

LR

LR

Cox

LM

LM

age, SBP,
antihypertensive use,
smoking, and HDL,
eGFR

BL eGFR, DM HTN,
dipstick proteinuria

blood pressure, BMI,
smoking status, HbA1c,
ACR, eGFR, uric acid
levels, treatment with
renin-angiotensin
system inhibitors, other
antihypertensive
treatment, and statins.

Sex and baseline eGFR,
age, and BMI

Age, sex, BMIl and CKD
disease group

C-mannosyltryptophan, pseudouridine, and O-
sulfo-L-tyrosine

Glycine OR 0.59 (95% CI 0.43-0.80)
Histidine OR 0.65, 95% Cl 0.5-0.85)

C-glycosyltryptophan, pseudouridine, O-

sulfotyrosine, N-acetylthreonine, N-acetylserine,

N6-carbamoylthreonyladenosine, N6-
acetyllysine

None

Betaine beta -0.153 (SE 0.057 P=0.01)
and myo-inositol beta -0.091 (SE 0.042
p=0.035)
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Tavares et
al. (2018)

Wang et al.
(2018)

Xu et al.
(2018)

Afshinnia et
al. (2019)

Colombo et
al. (2019)

Differences in metabolite peaks
(Mann-Whitney)—> univariate
and multivariate Cox
(progression to ESRD)

Metabolites measured n=56-> i)
cross-sectional - multivariable

LM-> Longitudinal associations
with annual eGFR change n=12

LM for association between
baseline eGFR and each known
metabolite and LR for eGFR
decliner status-> Permutation
resampling 100,000 times

PCA to generate secondary
variables representative of
lipids>LM between outcome
and PC components—> Cox to
predict 40% eGFR decline

LM for cross-sectional analysis
(eGFR) logistic regression
models with adjustment for
covariates to predict eGFR
decliner status

None

Bonferroni
Cross-
sectional
P=8.9E-04
Prospective
P=3.8E-03

None; P
values <0.05

None

Bonferroni,
P<0.00026

Cox

LR

Cox

LR

eGFR, UACR, HbA1c

Age, sex, region,
education, smoking,
drinking, physical
activity, BMI, lipid-
lowering meds, HDL,
LDL, CVD, HTN, T2DM,
BL eGFR

eGFR

eGFR, UACR, fasting
plasma glucose, HbA1c

age, sex, DM duration,
eGFR, follow-up time,
BMI, SBP, DBP, HbA1c,
HDL- cholesterol,
smoking, UACR and
historical eGFR

5-anhydroglucitol HR 0.1 (95%CI 0.01, 0.63),
norvaline HR 0.004 (0.0001, 0.14) and L-
aspartic acid 0.14 (0.03, 0.78)

cysteine, long-chain acylcarnitines (C14:10H,
C18, C18:2, and C20:4), and other
acylcarnitines (C3DC and C10), relative risks
ranged from 1.16 to 1.25 per SD increment of
metabolites; P<3.8E-03

asymmetric dimethylarginine and quinolinic acid

Unsaturated free fatty acids,
phosphatidylethanolamines, interaction terms of
C16-C20 ACs and short-low-double-bond
triacylglycerols

30 significant metabolites. Largest contributors
in predicting eGFR decline: CD27 antigen (f -
0.31 (95% CI-0.36 -0.26); kidney injury
molecule 1(-0.26 (-0.31, -0.21)
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Titan et al.
(2019)

Tofte et al.
(2019b)

Tofte et al.
(2019)

Zacharias

et al. (2019)

Afshinnia et
al. (2020)

Independent Cox regression
models—> significant metabolites
re-analysed with adjustment to
predict ESRD

Metabolites measured n=75 >
LASSO and extended Bayesian
information criterion - i) cross-
sectional linear regression (14
metabolites) ii) longitudinal -
Cox to predict ESRD

LM: cross-sectional
associations with eGFR

- significant metabolites
analysed with LR-> significant
ones analysed in Cox to predict
ESRD

LASSO Cox to create sparse
models of metabolites and
combine with established
clinical model to predict ESRD

Multiple LR to predict ESRD

FDR
Benjamini-
Hochberg, p
<0.05

FDR
Benjamini-
Hochberg, g-
value <0.05

FDR
Benjamini-
Hochberg, g-
value <0.05

None

FDR
Benjamini-
Hochberg, g-
value <0.05

Cox

Cox

Cox

Cox

LR

age, sex, DM, SBP, and
eGFR

age, sex, HbA1c, SBP,
smoking, statin
treatment, BMI, TG, total
cholesterol, eGFR, and
UAER

age, BMI, HbA1c, p-
triglycerides, sex,
smoking, statin
treatment, SBP, total
cholesterol, eGFR and
logUACR

age, sex, eGFR, and
UACR

SBP, history of HTN,
use of calcium channel
blockers, baseline eGFR
and urine UACR, sex,
total number of
antihypertensives, total
number of medications.

Lactose (HR 1.49, 95%Cl 1.04-2.12), 2-O-
glycerol-a-D-galactopyranoside (HR 1.76,
95%CI 1.06-2.92), tyrosine (HR 0.52, 95%ClI
0.31-0.88)

Ribonic acid , myo-inositol HR 2.2—-2.7, 95% CI
[1.3-4.3], p < 0.001

lipids, phosphatidylcholine (PC) and
sphingomyelin (SM) species: PC(0-34:2),
PC(0-34:3), SM(d18:1/24:0), SM(d40:1) and
SM(d41:1)

Of the 24 metabolites, top ones were creatinine,
high-density lipoprotein, valine, acetyl groups of
glycoproteins.

20-hydroxyeicosatetraenoic OR 1.45 (95% ClI
1.07-1.95; P =0.017).

Abbreviations: BMI, body mass index; CKD, chronic kidney disease; CHD, congestive heart failure CVD, cardiovascular disease; DBP, diastolic blood
pressure; DM, diabetes mellitus; eGFR, estimated glomerular filtration rate; ESRD, end stage renal disease; FDR, false discovery rate; LM, linear regression
model; HbA1c, glycated haemoglobin; HDL, high-density lipoprotein; HTN, hypertension; LASSO, least absolute shrinkage and selection operator; LDL, low-
density lipoprotein; LM, linear regression model; LR, logistic regression model; PCA, principal component analysis; PLS, partial least squares; SBP, systolic
blood pressure; SVM, support vector machine; TG, triglycerides; UACR, urinary albumin to creatinine ratio; UAER, urinary albumin excretion rate.
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3.3.5 Metabolites associated with kidney function decline

The included studies revealed over 153 metabolites in total that were associated with
the risk of new-onset of kidney function decline (Table 3-6). In general, metabolites
belonged to heterogenous sub-classes such as amino acids, lipids, sugars and acyl-
carnitines. Given the large number of metabolites measured in the identified studies,
together with diverse outcomes of kidney function decline considered in the included
studies, my subsequent narrative synthesis of the results focuses only on the

metabolites that were reported more than once.

Four metabolites were reported in multiple cohorts: i) Pseudouridine, a uremic solute,
was the strongest predictor of increased risk of progression to ESRD in Joslin Study
participants with T2DM (Niewczas et al., 2014) and T1DM (Niewczas et al., 2017).
Pseudouridine was also a significant predictor of increased risk of incident CKD (Solini
et al.,, 2016) and CKD progression in a study of T2DM outpatients and cohort of
general population (Goek et al., 2013, Sekula et al., 2016, Solini et al., 2016). ii) Myo-
inositol, which is also a uremic solute, was inversely associated with kidney function
decline and significantly increased risk of progressive decline in study of patients from
Nephrology Outpatient Clinic (Gil et al., 2018), Steno Type 1 Diabetes study (Tofte et
al., 2019a) as well as ESRD incidence in Joslin study (Niewczas et al., 2014). iii)
Tyrosine, a non-essential amino acid was associated with higher risk of incident CKD
in KORA cohort and higher risk of more rapid kidney function decline in Joslin Kidney
Study, while lower tyrosine was associated with progression of albuminuria in people
with  T2DM in PREVEND cohort. Apparently opposing effect, where inverse
relationship between tyrosine and ESRD was reported in Progredir Cohort of people
living in Brazil. iv) Finally, citrulline, a ubiquitous amino acid that plays a role in urea
cycle, was a significant predictor of increased risk of incident CKD in Framingham
Offspring Study (Rhee et al., 2013) and Korean Genome Epidemiology Study (Lee et
al., 2020) as well as significantly higher risk of progression of e GFR decline in CKD
patients (Nkuipou-Kenfack et al., 2014).

3.4 Update: studies published since completion of the original review

The original systematic scoping review was conducting in the first year of my PhD in
order to inform my own analysis. The searches for the literature were completed in
May, 2020, so | acknowledge that at the time of writing this thesis (between the end of

2023 and beginning of 2024), the main results of this chapter were outdated. While it
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may be ideal to update the search of the published articles and completely re-write the
results of this chapter, it was not possible complete this with the time constraints of my
PhD. To address this, | have re-run the search and identified articles published

between March 2020 and February 2024, based on the same selection criteria.

3.4.1 Results of articles published since 2020 and key findings

In brief, the search of publications released between March, 2020 and February 2024,
retrieved 932 and 333 articles from EMBASE and MEDLINE, respectively (total of
1,265). All records were imported in a single library on EndNote for further
management. After removal of duplication (n=165), 1,100 records were left for
screening. These articles were screened by titles and abstracts, which resulted in
removal of 1,070 articles, because they were conference abstracts or reviews, focused
on animal research or did not include relevant prospective outcomes related to
measures of kidney function decline. After the full texts of the remaining 30 articles
were examined (two were excluded as they did not consider prospective outcomes
related to kidney function, five studies focused on specific metabolites and one was

conference abstract). Twenty-two relevant publications remained.

The summary of key information about the studies published in this period are
presented in table 3-7. The selected articles were mainly prospective studies of
general population, which commonly involved people with diabetes, prevalent CVD
and hypertension. A few studies focused specifically on people diagnosed with T2DM,
including a meta-analysis of sub-populations from Hoorn Diabetes Care Study and
Maastrich Study (Tofte et al., 2020), hospital outpatients from China (Zhu et al., 2022)
and ltaly (Trischitta et al., 2023). Similarly, a few studies focused on T1DM patients
(Afshinnia et al., 2021, Al-Sari et al., 2022, Mutter et al., 2022), while other included
participants with any diabetes diagnosis (Kwan et al., 2020, Hirakawa et al., 2022,
Kwon et al., 2023).

Some studies continued exploring metabolomic profiles in the same cohorts as
reported in my earlier results, including CRIC (Kwan et al., 2020, Wen et al., 2022,
Zhang et al., 2022), ARIC (Bernard et al., 2022, Su et al., 2023), Steno (Afshinnia et
al., 2021, Al-Sari et al., 2022), GCKD (Steinbrenner et al., 2021) and KORA (Huang
et al., 2020). The number of participants studied ranged from 30 T2DM patients with
CKD (Zhu et al., 2022) to >90,000 participants from UK Biobank study (Geng et al.,
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2024). Overall, more than half of studies (12 of 22) included >1000 participants
(Huang et al., 2020, Kwan et al., 2020, Lee et al., 2020, Tofte et al., 2020, Steinbrenner
et al., 2021, Bernard et al., 2022, Mutter et al., 2022, Wen et al., 2022, Zeng et al.,
2022, Su et al., 2023, Geng et al., 2024, van der Burgh et al., 2024), which shows that
more recent studies included larger populations compared to those identified in the
original review. In contrast, a single study of T2DM patients used <100 participants
(Zhu et al., 2022), which indicates that less studies analysed small populations
compared to those identified in the original searches. In terms of outcomes, most
studies (8 of 22) focused on progression to ESRD (Kwan et al., 2020, Steinbrenner et
al., 2021, Bernard et al., 2022, Mutter et al., 2022, Wen et al., 2022, Zhang et al., 2022,
Kwon et al., 2023). Incident CKD was also studied in the second largest proportion of
studies (7 of 22) (Huang et al., 2020, Lee et al., 2020, Zeng et al., 2022, Zhu et al.,
2022, Su et al., 2023, Geng et al., 2024, van der Burgh et al., 2024). This trend is
similar to the results reported in the original review, where final end-point of kidney

decline was the most popular outcome studied.

The most notable study, was the metabolomic analysis of UK Biobank participants,
which is the largest study that investigated metabolomic associations with incident
CKD to date (Geng et al., 2024). The study used targeted nuclear magnetic resonance
metabolomics platform developed by Nightingale Health Ltd (Wurtz et al., 2015, Wurtz
et al., 2017). The statistical analysis involved LASSO to reduce the dimension and
select spare set of metabolites, which were then added along with covariates into a
Cox model to predict the risk of incident CKD, which significantly improved the risk
prediction in terms of discrimination (Geng et al., 2024). In addition, Rotterdam Study
(van der Burgh et al., 2024) and the meta-analysis of Dutch cohorts (Tofte et al., 2020)
also used Nightingale metabolomics platform, but neither reported any statistically

significant findings in relation to new-onset kidney decline.
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Table 3-7 Characteristics of the cohort studies selected in the updated search (2020-2024) associated with incident kidney function decline or new-
onset kidney function decline.

First author, Study Follow Included Outcomes Baseline Statistics Main findings
year, journal up, participants characteristics,
years mean age;
proportions of
participants (%)
Huang et al. KORA 6.5 1838 Incident CKD Age 67 years multivariate LR, FDR SM C18:1 and PC aa
(2020), Diabetes  survey (eGFR <60 Male 55% adjusted P-value, only C38:0, and clinical
4/F4, mL/min/1.73 significant metabolites variables improved
Germany m2) or UACR retained > LASSO-> LR prediction of incident
>30 mg/g; with backward selection for CKD
n=200 metabolites and clinical
variables
Kwan et al. CRIC,US 8 1001 Annual eGFR  Age 60 years Stepwise selection and 3-HIBA and aconitic acid
(2020), Am J slope and time  Male 56% LASSO for eGFR slope levels were associated
Kidney Diseases to ESRD HTN 93% analysis-> metabolites from  with higher and lower risk
(kidney DM 100% most accurate model for ESRD
failure), n=359 analysed in Cox for time to
ESRD risk.
Lee et al. (2020), Korean 8 1741 Incident CKD,  Age 55 years Pearson’s correlation: citrulline [odds ratio
Biomedicines Genome n=235 Male 47% eGFR and metabolites, (OR): 2.41, 95%
Epidemiol HTN 30% Bonferroni correction (p < confidence interval (Cl):
ogy DM 20% 0.00037)~> LR for 1.26-4.59], kynurenine
Study, significant metabolites with  (OR: 1.98, 95% CI: 1.05—
Korea adjustment for clinical 3.73), and phenylalanine
covariates (OR: 2.68, 95% ClI: 1.00—
7.16)
Tofte et al. Hoorn 7 1100 eGFR slope Age 64 years LM for associations Nightingale platform:
(2020), The Study; Male 59% between metabolites and None
Journal of Clinical Maastricht CVD 19% eGFR slopes, with
Endocrinology & Study, T2DM 100 adjustment for covariates
Metabolism Denmark and FDR
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Afshinnia et al.
(2021), Diabetes
care

Lunyera et al.
(2021),
Metabolomics

Steinbrenner et
al. (2021), Am J
Kidney Diseases

Al-Sari et al.
(2022),
eBioMedicine

Steno
Diabetes
Center
study,
EDC,
CACTI

STOP-
DKD Trial

GCKD

Steno
Diabetes
Center,
Denmark

1.8

817

132

5087
(discovery,
n=3391;
replication

383

annual decline
in eGFR 23
mL/min/1.73
m? (cases
n=123 vs non-
cases n=284
and replication
cases n=127,
non-cases
n=283)

eGFR slope

ESRD (kidney
failure), n=241

2> 30% decline
in eGFR, n=79

Age 47 years
Male 54%
HTN 31%
T1DM 100%

Age 64 years
Male 50%

Mean eGFR 44.9;
Age 60;

Male 59%;

DM 100%;

CVD 30%

Age 55 years
Male 55%

CVD 67%

T1DM 100%

Independent t-test, FDR->
PCA to build secondary
variables related to
subclasses of
metabolites=> LR models 1)
top differentially regulated
lipids, and 2) principal
components as predictors
adjusted for covariates

PCA-derived principal
component scores of TCA
cycle organic anions; or
PCA-derived principal
component scores of
untargeted urine
metabolites)-> linear mixed
models for eGFR slope
Cox regression models
were fitted for each
metabolite separately,
Bonferroni correction

Random Forest models
were applied to predict
future risk of outcome

free fatty acid 20:2,
phosphatidylcholine
16:0/22:6. A principal
components of
unsaturated free fatty
acid and saturated
phosphatidylcholinespred
icted rapid eGFR decline

Methylmalonate,
ethylmalonate and
citrate/isocitrate loaded
negatively on principal
component (PC3).
Higher PC3 was
associated with lower
eGFR.
C-glycosyltryptophan
(hazard ratio of 1.43
[95% CI, 1.27-1.61])

Clinical variables and
3,4-dihydroxybutanoic
acid, 2,4-
dihydroxybutanoic acid,
ribitol, ribonic acid, myo-
inositol, and one
unidentified metabolite
(ketones and sugars)
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Bernard et al.
(2022) , Kidney
Medicine

Hirakawa et al.
(2022), Scientific
reports

Lee et al. (2022) ,
Metabolites

Mutter et al.
(2022)
Diabetologia

ARIC, US

UT-DKD
cohort,
Japan

Korean
Biobank
Array,
KoreaN
Cohort
Study
Finnish
Diabetic
Nephropa
thy study,
Finland

23

2.5

3.9
1.8

3799 (split into
training and
validation set)

135

115
69

2670

ESRD, n=160

change rate of
eGFR below
-10% of
baseline eGFR

eGFR slope
change -5

mL/min/1.73
m? per year

ESRD, n=355

Age 53-54 years
Male 36-45%
CVD 3.8-5.9 %

Age 70 years
Male 79%
DM 100%

Age 57- 53
Male 56- 71%

Age 36 years
Male 50%
T1DM 100%

Netboost dimension
reduction technique to
cluster metabolites> Cox
for associations between
clusters and outcome
Deep learning, logistic
regression, random forest,

and support vector machine

(50 features selected)>
Piecewise linear model and
handcrafted linear
regression model to
compare the selected
features

LM to identify the
metabolomic mechanisms
underlying the genetic
variants with FDR
correction

Cox proportional hazard
regression models for each
urine metabolite and ESRD

4 of 43 clusters were
associated with ESRD

None

pimelylcarnitine (beta =
0.030, SE = 0.007, FDR
=0.01) and
octadecenoylcarnitine
(beta = 0.167, SE =
0.049, FDR = 0.08)
Leucine (HR 1.47 [95%
C11.30, 1.66], valine
(1.38 [1.22, 1.56)),
isoleucine (1.33 [1.18,
1.50]), pseudouridine
(1.25[1.11, 1.42)),
threonine (1.27 [1.11,
1.46]) and citrate (0.84
[0.75, 0.93)). 2-
Hydroxyisobutyrate (1.30
[1.16, 1.45])
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Wen et al. (2022),
American society
for clinical
investigation

Zeng et al.
(2022), Kidney
International

Zhang et al.
(2022), American
Journal of
Nephrology

Zhu et al. (2022),
Nutirents

Kim et al. (2023),
Kidney360

CRIC,US 6.8
Strong 5
Heart

Family,

us

CRIC,US 10

Patients 5.7

from First
Affiliated
Hospital,
China

Biopsy 5
patients,
China

1773

1910

995

30

936 (147
healthy
controls, 789
biopsy patients

ESRD or
eGFR halving
from baseline,
n=675

Incident CKD,
eGFR <60
ml/min per
1.73 m?,
n=228

eGFR slope
and ESRD,
n=360

annual eGFR
decline 23
mL/min/1.73
m2, n=14 or
incident CKD
eGFR <60
mL/min/1.73
m2, n=12

Composite:
30% decline in
eGFR,
doubling of

Age 59 year
Male 56%
CVD 36%
DM 49%

Age 40 year
Male 38%
HTN 29%
DM 18%

Age 60 years
Male 56%
DM 50%

Age 53 years
Male 50%
T2DM 100%

Age 50 years
Male 61%
DM 17%
HTN 18%

Cox proportional hazards
models for each metabolite
and outcome; FDR
correction

Mixed-effect LR with
adjustment for covariates,
FDR correction

univariate and multivariate
models for the eGFR slope
using LASSO and random
forest models for eGFR
slope—> selected
metabolites entered into
Cox model for ESRD

Pearson’s correlation to
assess the association
between metabolites and
kidney function> amino
acids significant > LR for
amino acids and rapid
eGFR decline, multivariate
Cox analysis to determine
independent risk factors
Metabolite concentrations
and the CKD stages were
compared using the
Jonckheere—Terpstra test

Pseudouridine (HR 2.23
(95%Cl 1.62, 2.38),
methylimidazoleacetate
(1.16 (1.07, 1.26),
homocitrulline (1.28
(1.12, 1.44)

29 baseline lipids
associated with incident
CKD

Six eGFR slope models
selected 9 to 30
metabolites. In the
adjusted ESRD model,
valine (or betaine) and 3-
(4-methyl-3-
pentenyl)thiophene were
associated (p < 0.05)
with 44% and 65%
higher hazard of ESRD

: L-valine (HR = 2.583,
95% CI = 1.006-6.629
and isoleucine (HR =
1.670, 95% Cl = 1.206—
2.312, p = 0.002)

betaine, choline, glucose,
fumarate, and citrate
showed significant
associations with the
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Kwon et al.
(2023), Kidney
Research and
Clinical Practice

Su et al. (2023),
Clinical journal of
American Society
of Nephrology

Trischitta et al.
(2023), BMJ
Open Diabetes
Research and
Care

Seoul
Medical
Center
patients,
China

ARIC, US

Endocrino
logy Unit
patients,
Italy

4.5

23

1.5

with
eGFR>30)

234 (26
healthy
controls, 208
CKD)

3751

575

serum
creatinine
levels, or
ESRD n=309

ESRD, n=103

incident CKD
(eGFR <60
ml/min per
1.73 m2,
accompanied
by 25%
decline of
eGFR from
baseline),
n=1468

Annual eGFR
change

Age 59 years
Male 63%
HTN 64%
DM 100%

Age 54 years
Male 40%
HTN 44%
DM 13%

Age 60 years
Male 52%
HTN 65%
T2DM 100%

at baseline> eight
metabolites that differed
between CKD groups at
baseline > Cox model for
prospective outcomes
Pearson correlation
between metabolites and
eGFR or UPCR: 19
metabolites showed
significant trends >
Multivariate Cox regression
with backward stepwise
model selection

LM to investigate the cross-
sectional association
between ultra-processed
food consumption as the
exposure and each
metabolite> Spearman
rank for significantly
associated metabolites
(12)> Cox models to
assess association
between related
metabolites and incident
CKD, FDR

LR for serum metabolites
levels and low eGFR,
adjusted for covariates and
Bonferroni->validation of
significant findings> LM for
annual change in eGFR
and significant metabolites
with adjustment for

composite outcome after
adjustment for covariates

Choline, myo-inositol,
and citrate were
associated with ESRD
progression with
adjustment for covariates

N2-dimethylguanosine
HR, 1.16, 95% CI, 1.09
to 1.24;

glucose HR, 1.42, 95%
Cl, 1.19 to 1.69;
mannose HR, 1.39, 95%
Cl, 1.22 to 1.58

tiglylcarnitine,
decadienylcarnitine, total
dimethylarginine,
decenoylcarnitine and
kynurenine) (B range
-0.11 to -0.19, p values
range 4.8x10-2 to
3.0x10-3
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Geng et al. (2024) UK

American Journal  Biobank

of Kidney study, UK

Diseases

van der Burgh et Rotterda

al. (2024), Clinical m Study,

Kidney Journal Netherlan
ds

13.1

54
5.2

91532

3337 and 1540

Incident CKD
identified using
ICD codes, n=
2,269

2 eGFR’s
<60; single
eGFR <45;
kidney failure

Age 55 years
Male 43%
HTN 49%
DM 2%

CVD 3%

Age 69- 67 years
Male 42- 43%
DM 14- 13%
CVD 13- 9%

covariates—> each
metabolite added to
reference model

Cox regression for each
metabolite and outcome
with adjustment for
covariates and
FDR->LASSO to select
metabolites which were
added to a final model with
covariates

LM for associations
between circulating
metabolites and baseline
kidney function, FDR
adjusted->significant
metabolites analysed with
prospective outcome,
adjusted for FDR and
covariates

Nightingale platform;
LASSO selected:
docosahexaenoic acid,
saturated fatty acids to
total fatty acids %,
linoleic acid to total fatty
acids %, histidine,
isoleucine, valine,
albumin, glycoprotein
acetyls, and cholesteryl
esters in small HDL
Nightingale and
Metabolon platform, 16
metabolites were
significant, strongest
association found with C-
glycosyltryptophan (HR
1.50, 95%CI 1.31;1.71).

Atherosclerosis Risk in Communities study, ARIC; CACTI, Coronary Artery Calcification in Type 1 Diabetes study; CKD, chronic kidney disease; CVD,
cardiovascular disease; Chronic Renal Insufficiency, CRIC; EDC, Epidemiology of Diabetes Complications study; eGFR, estimated glomerular filtration rate;
ESRD, end stage renal disease; DM, diabetes mellitus; FDR, false discovery rate; GCKD, German Chronic Kidney Disease Study; HTN, hypertension; LASSO,
least absolute shrinkage and selection operator; LM, linear regression model, LR, logistic regression model; SM, sphingomyelins; M%, percentage of males;
STOP-DKD, Simultaneous Risk Factor Control Using Telehealth to SIOw Progression of Diabetic Kidney Disease; PCA, principal component analysis; PC,
phosphatidylcholine diacyl; T1IDM, type 1 diabetes mellitus; T2DM, type 2 diabetes mellitus.
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3.5 Discussion

3.5.1 Summary of findings

This scoping review of human observational prospective studies identified 26
publications (released up to March 2020) that evaluated the relationship between
metabolomic fingerprints and the new onset of kidney function decline, either in terms
of incident CKD, rate of kidney function decline, or incident ESRD. Updating the search
to February, 2024, has almost doubled the number of relevant articles published,
raising the total number of studies that investigated metabolomic profiles associated
with new-onset kidney decline to 48. This suggests that the research body in this field
continued to grow over the past 4 years, expanding our understanding of individual
metabolites and related pathophysiological pathways associated with the risk of kidney

function decline.

In general, most studies included in this review, analysed samples from the general
population with common comorbidities, such as hypertension and diabetes mellitus,
suggesting that conclusions might be generalized to a wider population. Both targeted
and untargeted metabolomic profiling methods have been used equally to measure
metabolites. The studies used dimension reduction or data selection methods to deal
with high-dimensional data, followed by regression analysis of a sparse set of
metabolites with adjustment for traditional risk factors. Statistically significant
metabolites belonged to diverse categories, including amino acids and uremic solutes.
While extensive coverage of the human metabolome enabled via high-throughput
analytics is a great advantage in the search for biomarkers, it also makes it very time-
consuming to undertake a systematic review for each potentially important metabolite.
Therefore, the focus of my review was on describing the nature and extent of the
studies already undertaken and identifying statistical approaches used to derive the

list of prognostic metabolites in published studies.

3.5.2 Analytical techniques and metabolomic approaches

The nuclear magnetic resonance technique identifies compounds by analysing their
resonance frequencies of energy released within an external magnetic field, while
mass spectrometry achieves this by recording the mass-to-charge ratio of ionized
analytes (McGarrah et al., 2018). Despite its advantages, such as being non-invasive,

non-destructive, requiring minimal sample preparation, easy data interpretation, and
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not needing chemical derivatization, which enhances reproducibility, nuclear magnetic
resonance may capture fewer metabolites and exhibit lower sensitivity compared to
mass spectrometry (Nicholson and Lindon, 2008). Majority of studies used the more
sensitive mass spectrometry approach, which suggests that research in this area is
focused on quantity of metabolites captured. This suggests that the overarching goal
of many studies was to cover as much of human metabolome as possible to expand

our current understanding of metabolomic profiles and kidney function.

Both nuclear magnetic resonance and mass spectrometry can profile metabolites with
either targeted or untargeted approaches. Exactly half of the studies in the original
review (13 out of 26) involved non-targeted high-throughput metabolomic profiling
approaches. The major limitation of this method is the availability of recorded
metabolomics spectra repositories, which restricts investigation of detected features.
Most of these studies found associations with unrecognizable features, which
prevented further interpretation. Nonetheless, the remaining half of the studies, chose
targeted analysis, which allowed precise quantification of a limited set of known
metabolites. The advantage here is that data produced consist of absolute metabolite
concentrations detected in the sample, allowing more straightforward comparisons
and hypothesis testing of chemically characterized and biochemically annotated
metabolic compounds. However, the key limitation of the targeted method is that
metabolites require clear definition, chemical characterization, and biochemical
annotation before they are added to the analytical panel, and currently, a relatively
small proportion meets this criterion (Wishart et al., 2022). Overall, the even division
of profiling methods used suggests that there is high interest in both novel metabolite
discovery related to kidney function, but also in looking for quantifiable metabolites

that may be associated with kidney disease.

3.5.3 Most common statistical analysis methods

Metabolomic data presents challenges in statistical analysis due to its high
dimensionality, collinearity, and non-normality. To mitigate the risk of false positives
multiple testing correction methods are recommended (Chadeau-Hyam et al., 2013).
Bonferroni correction may be too stringent for studies with small sample sizes, so it is
not surprising that the maijority of studies opted to use the less stringent FDR method
to control Type | errors, which regulates the expected proportion of false discoveries,

but allows for a higher number of Type | errors (Benjamini and Hochberg, 1995). This
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suggested that studies of metabolomic profiles in this field were less concerned about

a higher chance of false positives.

To handle collinearity among metabolites, the most popular method was variable
selection technique using LASSO. Steno Diabetes Center and GCKD study (Tofte et
al.,, 2019a, Zacharias et al., 2019) incorporated the LASSO method to prevent
overfitting and to select a small panel of metabolites by constraining the sum of
absolute regression coefficients (Chadeau-Hyam et al., 2013). The updated review
also showed that many studies opted to use LASSO for variable selection (Kwan et
al., 2020, Afshinnia et al., 2021, Zhang et al., 2022, Huang et al., 2023, Geng et al.,
2024). The results of this scoping review suggested that LASSO is a commonly used
method for analysing metabolomic profiles related to kidney function decline. This is
in line with the notion that LASSO is a popular statistical method in 'omics' studies for
risk prediction purposes as it is adapted for handling highly colinear datasets and

effectively reduces the number of predictors.

3.5.4 Strengths and limitations

To the best of my knowledge, at the time of the inception of this scoping review, it is
the first attempt to summarize methodologies and findings in studies exploring the
association between metabolomic markers and new-onset kidney function decline.
However, several limitations should be acknowledged. Firstly, the review only included
studies of prospective design that evaluated associations with new-onset kidney
function decline and ignored literature that focused on cross-sectional or case-control
studies. Although a cross-sectional study has many advantages, including lower cost
and suitability for large-scale epidemiological studies, it is not ideal because the
metabolomic data and kidney function would be assessed at the same time, leaving
the causal relationship unclear. Furthermore, the inclusion of two distinct outcomes
would expand the list of studies to unmanageable levels, making it impractical within
a PhD timeline. Secondly, the review ignored studies that pre-selected specific
metabolites based on a knowledge-driven hypothesis. As a result, some metabolites
that predict renal outcomes were missed, especially those with more evidence
supporting their association with kidney function decline. However, evaluating a
broader metabolomic profile enables novel biomarker discovery and allows for
accounting for high collinearity using specialized statistical methods. Overall, the

analysis of data produced by high-throughput analytics provided deeper insight into
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the complicated relationship among metabolites. Thirdly, the review was limited to two
major sample types - blood and urine, as these samples are easily obtainable and
accessible in both research and clinical settings. However, this limited the number of
publications identified, as metabolomic analysis may be conducted using a range of

biological samples, including tissue, stool, and even exhaled breath.

Future studies should evaluate the effect of metabolite ratios, as these relationships
were only considered in the KORA cohort, and some were identified as significant
predictors (Goek et al., 2013). In addition, there was a relatively small number of T2DM
cohorts. Even a smaller number of studies specifically focused on incident CKD in
T2DM population. Considering that kidney function decline is irreversible,
characterising risk of early CKD may enable more timely preventative interventions of
CKD onset. Since clinical guidelines recommend kidney function screening for high-
risk groups (such as people diagnosed with diabetes), the focus should be on trying
to improve the risk prediction and stratification specifically designed for this population.
The metabolites found in specific populations such as T2DM may reveal specific
metabolic features related not only to the aetiology of the disease but also provide

insight into novel therapeutic targets and improve risk prediction.

3.5.5 Conclusions of the scoping review

This scoping review of metabolomic studies summarised previous findings regarding
metabolomics in people with incident CKD and its progression. Overall, there is
enough evidence in the literature to suggest that analytics using high-throughput
metabolomic tools have the potential to provide new insights into the molecular
phenotypes associated with kidney function decline. Since the only studies included
were those with a prospective cohort design, the associations provided evidence that
metabolic markers may be useful in risk prediction for both individuals with higher
levels and those at the lower extreme of kidney function. While, this is still an emerging
field, with the first prospective study published only in 2013, it gathered a lot of
research interest as there were over 40 prospective studies published over the last
decade. Considering the huge complexity of the human metabolome, more high-
quality studies with a sufficient number of participants and incident cases are
necessary, especially to study early stages of decline such as incident CKD as this
outcome was considerably less commonly investigated compared to the more extreme

outcome.
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Chapter 4. Data sources and statistical methods

This chapter provides a comprehensive description of the methodological
foundation of the Edinburgh Type 2 Diabetes Study (ET2DS), essential for
subsequent findings presented in this thesis. It begins by detailing the study
design, measurement procedures, and variable derivation. The second part of
the chapter outlines the statistical methods employed to achieve the key thesis

objectives, divided into the following:

Association analysis: This section explains the analytical methods used to
identify individual metabolites associated with kidney-related outcomes,

independent of established risk factors.

Risk Prediction Analysis: This section focuses on statistical modelling to
generate the best possible estimate for the risk of incident chronic kidney
disease (CKD). It covers the validation of a reference risk prediction model, the
selection process of predictive metabolites, the development of a metabolite-
based risk score (MetS), and an evaluation of the added predictive value of

metabolites for predicting the risk of 5-year incident CKD in the ET2DS.

4.1 Edinburgh type 2 diabetes study (ET2DS)

The ET2DS is a prospective cohort comprising 1,066 individuals aged 60 to 75
years, all diagnosed with type 2 diabetes mellitus (T2DM) and residing in the
Lothian region of Scotland. The primary intent behind establishing this cohort
was to explore potential risk factors associated with the complications of T2DM,
particularly those linked to vascular diseases. The recruitment goal for the
ET2DS was to enrol 1,000 subjects, a number chosen to provide a robust
statistical foundation with 90% power at a two-sided 5% significance level. This
statistical power would enable the detection of a Pearson correlation coefficient
of 20.10 between two continuous variables. This sample size was therefore
deemed sufficient for identifying risk factors explaining 1% or more of the
variance in the outcome, both at baseline and during follow-up, as detailed in
the comprehensive study protocol by Price et al. (2008). Within this section, |
present a concise summary of aspects of the study design that hold particular

relevance to the analyses | conducted for this thesis.
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4.1.1 Study population

The ET2DS study recruited its participants from the Lothian Diabetes Register
(LDR), which was established in 2001 to encompass individuals diagnosed with
diabetes living in Lothian, Scotland, whether managed in primary or secondary
care. Approximately 5,400 individuals were selected randomly from the LDR,
between 2006 and 2007, ensuring representation across both sexes and equal
recruitment across 5-year age bands within the target age range. Of those
initially approached, 1,252 individuals responded positively to the invitation
letters, and ultimately, 1,077 individuals agreed to attend the baseline clinic. To
ensure comprehensive data collection for all relevant participant
characteristics, including cognitive ability, essential exclusion criteria were
applied. These criteria encompassed individuals who were not proficient in
English, those with severe vision impairment, individuals unwilling to provide
informed consent, and those unable to complete both physical and cognitive

examinations.

Diabetes status was initially determined by inclusion on the LDR as type 2
diabetes, which is based on clinical diagnosis using World Health Organisation
criteria (Puavilai et al., 1999). Clinical diabetologists in the research team
reviewed the records of potential participants to confirm the accuracy of the
T2DM diagnosis before their inclusion in the study. The confirmation of T2DM
diagnosis was based on individuals either taking oral anti-diabetic medication
and/or insulin, or solely managing diabetes through dietary modifications,
coupled with a baseline glycosylated haemoglobin (HbA1c) level exceeding
6.5%. In cases where individuals controlled their diabetes only through dietary
modifications and displayed an HbA1c measurement of 6.5% or lower at
baseline, diabetologists scrutinised clinical records to validate the diagnosis.
Additionally, diabetologists examined the clinical records of individuals treated
with insulin within one year of diabetes diagnosis, to ensure no Type 1 Diabetes

cases were included.

After the application of these exclusion criteria, a total of 1,066 out of the initial
1,077 participants who attended the baseline clinic were included in the ET2DS
study. The resultant study population was shown to be largely representative
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of all people in this age group with T2DM living in Lothian in terms of age,
HbA1c, diabetes duration and insulin treatment (Marioni et al., 2010). These
encompassed individuals receiving care across both primary and secondary
healthcare settings and included a broad spectrum of disease severity based

on treatment regimens.

4.1.2 Ethical approval for data collection

A written informed consent was given to each participant before data collection
for clinical examinations and review of medical records. Ethical approval for the
ET2DS was granted by the Lothian Medical Research Ethics Committee and
complied with the Declaration of Helsinki (World Medical, 2001).

4.1.3 Data collection procedures

Baseline

Baseline data were gathered at specialised research clinics located within the
Wellcome Trust Clinical Research Facility, situated at the Western General
Hospital in Edinburgh, United Kingdom. To ensure accurate data acquisition,

participants underwent specific procedures after an overnight fast.

i) Sample Collection: Each participant provided a urine specimen and
venous blood samples (collected through venepuncture).

ii) Physical Examination: Specially trained research personnel
conducted a physical examination for each participant, adhering to
pre-established standard operating procedures.

iii) Questionnaires: Self-completion questionnaires were distributed to
participants to collect data on demographic characteristics, detailed
diabetes history and treatments, medical conditions, prescribed

medications, and lifestyle-related information.

At baseline, a data linkage process was established with the Scottish Morbidity
Records scheme via Information Services Division of NHS Scotland, which
provided access to acute hospital discharge records over the 20 years
preceding recruitment (between 1981 and 2007) for all participants. This
baseline data linkage procedure enriched the dataset with comprehensive
medical information, allowing for the validation of self-reported medical histories
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and the inclusion of additional historical health metrics. Historical data recorded
in the LDR were also selectively accessed. These historical records included
key kidney-related measures for my analyses, such as urinary albumin to
creatinine ratio (UACR), micro-albumin levels and serum creatinine. | used the
kidney function measurements within two years of baseline visits to create a
serial dataset for uUACR and for estimated glomerular filtration rate (eGFR). |
reviewed this data manually and with consultation from a nephrologist (Dr Bryan
Conway), | excluded any results indicative of an episode of acute kidney injury
and remaining results were used to derive CKD status as detailed below
(section 4.1.5.7). The AKI was defined as eGFR measurement or a series of
measurements recorded in closely together, which showed an extreme dip in
eGFR that is inconsistent to the eGFR results before and after the potential

acute kidney injury period.

Follow-up

The Lothian laboratory and LDR databases were interrogated and all out-
patient or primary care serum creatinine results between 2005 to May 2014
were identified. Serum creatinine-based eGFR was calculated, episodes of
acute kidney injury excluded and sorted into serial data by a previous student
(Sara Jenks). The follow-up serum creatinine results were isotope dilution mass
spectrometry (IDMS) traceable or were IDMS-corrected according to the
equation provided below (section 4.1.5). Sara Jenks manually investigated if
the correction is relevant based on the laboratory and the time of eGFR
measurement to decide if the creatinine was already IDMS-traceable or not
(NHS Lothian laboratories underwent standardisation around 2008, so results
before standardisation needed IDMS-correction to be applied). | used this
dataset to derive incident CKD and annual rate of kidney decline variables, as

detailed below (section 4.1.5).

4.1.4 Data management and cleaning

Upon the completion of each clinic visit, the questionnaires, laboratory results,
and clinical data collected at baseline were entered into a central database.
This database operation was executed by members of the research team using
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Microsoft Access 2003/2010 software. All data management procedures

described below were completed prior the start of my PhD.

To ensure data integrity, an exacting process was implemented for paper
records at baseline. Specifically, a dual-entry approach was adopted, with the
data being entered twice into the database. This procedure revealed a low error
rate of 0.02%, which was rectified by cross-referencing with the original paper
records. Additionally, all data underwent a scrutiny for outliers through
descriptive analyses. Any data points deemed potentially inaccurate,
underwent further examination, which involved consulting the original paper

files and subsequently making corrections where necessary.

To safeguard the confidentiality and security of paper records, they were
securely stored in locked cabinets within a controlled access room at the
University of Edinburgh. Meanwhile, electronic data was stored on a dedicated
university server. Access to this server required electronic authorisation and
password authentication, bolstering data protection and confidentiality

measures.

4.1.5 Variable measurement and definitions

This section outlines the measurement procedures and definitions of the
ET2DS variables used in this thesis. Additional data collected as part of the
ET2DS can be found in Price et al. (2008).

Physical examination

During physical examination, systolic and diastolic blood pressure was
measured in the right arm to the nearest 2 mmHg, with the participant in the
supine position. To obtain the body mass index (BMI), height (in metres) was
measured without shoes using a wall mounted ruler and weight (in kilograms)
was measured without outdoor clothing using electronic scales. Then, the BMI
was calculated as weight / height? (kg/m?). This data was recorded in the
ET2DS database prior my PhD.

Demographic information

Self-reported questionnaires were employed to gather demographic details,
encompassing date of birth, sex, and ethnicity. The date of birth served as the
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basis for calculating the age at the baseline visit (prior to my PhD). Furthermore,
| used the date of birth for determining the age at every serum creatinine

measurement before the baseline assessment for eGFR calculation.

Smoking

A smoking questionnaire was used to collect information about smoking status.
Participants who had quitted smoking in the last 6 months before the baseline
were regarded as current smokers in this study. Finally, smoking status was
categorised into mutually exclusive categories: non-smoker, ex-smoker,
current-smoker. The smoking status was derived in line with Nelson et al.

(2019) publication in order to create comparable predictors in ET2DS.

Biochemical analysis

All blood samples were separated and frozen at -80°C within 1 hour of
venepuncture except for serum samples for creatinine and plasma for HbA1c
and glucose, which were analysed on fresh samples. The uACR was measured
on a fresh urine sample, which was subsequently frozen. Baseline creatinine
was measured using a dry slide assay on a Vitros 5, 1 FS analyser (Ortho
Clinical Diagnostics, High Wycombe, United Kingdom). Internal quality control
data indicated that the between batch coefficient of variation (CV) were 1.9%
at a creatinine concentration of 83.9 ymol/L and 1.3% at 804.6 umol/L. HbA1c
was measured using high performance liquid chromatography using a Biorad
variant (Il) DCCT aligned analyser (Bio-Rad Laboratories Ltd, Hemel
Hempstead, United Kingdom). The between batch CVs were both 2.5% at
HbA1c concentrations of 6.05% and 10.4%. The uACR was measured using a
dry slide immunoturbidimetric assay on a Vitros 5 1 FS analyser (Ortho Clinical
Diagnostics, High Wycombe, United Kingdom). The between batch CVs were
3% at an UACR of 42.2mg/mmol and 3.9% at an uACR of 84.4 mg/mmol.

Measurement of metabolites

Metabolite concentrations were measured using previously frozen (at -80 °C)
blood serum samples. The metabolomic panel contained a total of 228
metabolites (n=149 concentrations of individual metabolites and n=79 derived

ratios) that were quantified using automated high-throughput proton Nuclear
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Magnetic Resonance spectroscopy platform developed by Nightingale Health
Ltd. The metabolomic panel has been described previously and used in several

large-scale epidemiological studies (Wurtz et al., 2017).

The metabolites quantified included lipids labelled according to size (very large
to very small), density (high to low) and trait (e.g., triglyceride, phospholipid,
cholesterol ester) as well as other low-molecular weight metabolic biomarkers.

The whole panel can be categorised into 12 distinct subgroups:

(1) Components (including total lipids, phospholipids, free cholesterol, etc.)
in very-low density lipoprotein (VLDL);

(2) Components in intermediate-density lipoprotein (IDL);

(3) Components in low density lipoprotein (LDL);

(4) Components in high density lipoprotein (HDL);

(5
(6

(7) Fatty acids, including saturated fatty acids and unsaturated fatty acids;

)
)
) Lipoprotein particles (e.g., total cholesterol in HDL);

) Apolipoproteins, namely apolipoprotein A-1 (ApoA-1), apolipoprotein-B;
)

(8) Glycolysis related metabolites, including lactate, glycerol, glucose;

(9) Amino acids, including branched-chain and aromatic amino acids;

(10) Ketone bodies, including acetate and acetoacetate;

(11) Fluid balance molecules, namely creatinine and albumin;

(12) Inflammation marker, namely glycoprotein acetyls (GlycA).

Categorisation of medical conditions and medications

Information on medical history and medication use was obtained from the self-
completed questionnaires, record linkage results and findings on clinical
examination. Research personnel systematically coded medical conditions in
accordance with the International Classification of Diseases (ICD) - 10 codes
(ICD-10, 1997), while medication data was coded using the British National
Formulary (BNF) (Tallo, 2016). The categorisation of diabetes treatment type
was determined from the baseline self-report questionnaire which was checked
for accuracy by the research nurses by comparing against prescriptions
provided by participants at the research clinic. Using the diabetes treatment
information, | defined the diabetes treatment types into mutually exclusive
categories, as follows:
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Diet Controlled Only: Participants who managed their diabetes solely
through dietary modifications.

Oral Anti-Diabetic Medication Only: This category included individuals
using oral medications such as metformin, sulphonylureas, and
thiazolidinediones as their primary form of treatment.

Insulin Use (Potentially with Oral Anti-Diabetic Medication): This category
encompassed participants who relied on insulin therapy, either exclusively

or in conjunction with oral anti-diabetic medications.

| defined the hypertension status as systolic blood pressure 2140 and diastolic
blood pressure 290 and/or use of blood pressure lowering medication. | defined
the prevalent cardiovascular disease (CVD) as a composite of myocardial
infarction, angina, stroke, transient ischemic attack and/or coronary
intervention. Previous students verified the prevalent CVD at baseline through
the use of multiple sources of data, including the self-reported questionnaires
(questions on medical conditions and treatments related to CVD as well as the
WHO chest pain questionnaire) and 12-lead ECG assessments from physical
examination. For any events identified through these methods, further
confirmation was sought by cross-referencing with hospital discharge records
provided by the Information Services Division. In cases where data linkage
records identified events not reported through self-reporting, notes from general
practitioners and hospitalisation records were queried to establish the validity

of these events.

4.1.6 Derivation of kidney function and renal disease variables

Kidney function

| used the equations detailed below to derive the eGFR for pre-baseline and
baseline, while Sara Jenks derived the serial follow-up eGFR measurements.
Participants who were missing baseline eGFR result, the most recent eGFR

before baseline was entered as their baseline result.

The eGFR was estimated from serum IDMS-traceable creatinine measured

using the CKD-EPI equation:
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eGFRcr = 142 x min(Ser/k, 1)@ x max(Scr/k, 1)729° x 0.9938%% x 1.012 [if

female]
where:

Scr = IDMS standardised serum creatinine in mg/dL
K = 0.7 (females) or 0.9 (males)

a =-0.241 (female) or -0.302 (male)

min(Scr/K, 1) is the minimum of Ser /k or 1.0
max(Scr /K, 1) is the maximum of S¢r /k or 1.0

Age (years)

Historical serum creatinine was not IDMS- traceable so | applied a correction

using the following equation before calculating historical eGFR measurements:
Scr = (Laboratory reported creatinine -7.71) / 0.988
Scr = IDMS standardised serum creatinine in mg/dL.

Baseline uUACR

The uACR levels from the laboratory were only recorded if urinary albumin was
>6 mg/L, since only these levels are of clinical relevance indicating some kidney
damage and potential albuminuria. The albumin < 6 mg/L was entered as 6
mg/L and | calculated the uACR levels manually by dividing urinary albumin by

urinary creatinine.

Baseline albuminuria

| reviewed the uUACR and microAlbumin measurements from baseline and up
to two years before baseline to define albuminuria status. Participants with at
least two consecutive uUACR >2.5 mg/mmol for men, >3.5 mg/mmol for women
or those with at least two consecutive microAlbumin results of > 2.5 mg/mmol,
were classed as having albuminuria. Participants who had no historical uUACR
or micro-Albumin results, their baseline UACR was used to determine
albuminuria status and similarly, those who did not have a baseline result, their

status was based on historical microalbumin measurements.
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Baseline chronic kidney disease (CKD)

Reduced kidney function (referred to as baseline CKD) was defined as eGFR
<60 ml min~' (1.73 m)™2 in at least two measurements taken three months
apart. The results were reviewed at baseline and up to two years before
baseline. Participants who were missing baseline eGFR result, their CKD status
was based on historical eGFR data and the most recent eGFR before baseline
was entered as their baseline result. Also, for participants without historical
serum creatinine results, the baseline CKD status was based on baseline eGFR
alone and if the eGFR was below 60 ml min~" (1.73 m)~2 the participant was

regarded as a baseline CKD case.
Incident CKD

New-onset of reduced kidney function (referred to as incident CKD) was
investigated only in participants with eGFR > 60 mI min~' (1.73 m)~? and without
evidence of reduced kidney function at baseline either based on baseline CKD

(as per definition above) alone or combined with albuminuria status.

Incident CKD was defined as two eGFRs <60 ml min~" (1.73 m)~2 at least three
months apart during follow-up and at least 25% reduction in eGFR from
baseline, as per the KDIGO guideline for the evaluation of CKD in research
(Levin and Stevens, 2014).This stringent criteria for incident CKD ensured that
participants classed as cases truly experienced a substantial reduction in their

kidney function since baseline.

The annual rate of change in kidney function

The annual rate of eGFR change was determined from linear eGFR slope that
was estimated within each participant using a linear regression of eGFR against
follow-up time in participants with a minimum of one year follow-up and three
eGFR measurements. Rapid decliner status was defined as annual rate of
eGFR change of at least -5%. The percentage change was chosen over the
absolute annual rate of change as the former is less dependent on baseline
eGFR. The estimates from linear regression slopes were converted into

percentage annual rate of eGFR change with the following equation:

Percentage slope = (linear coefficient / baseline eGFR) * 100.
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A summary of the final kidney-related variables used in my cross-sectional and

prospective analyses are described in table 4-1.

Table 4-1 Summary of the kidney-related outcomes used in association analyses.

Kidney Trait Definition Variable Analysis

related type type

marker

eGFR eGFR Kidney function calculated Continuous Cross-
using serum creatinine-based sectional
CKD-EPI equation

eGFR CKD At least 2 consecutive eGFR Binary Cross-
measurements <60 ml min~* sectional

(1.73 m)2 at baseline and up
to 2 years before baseline

uACR uACR Ratio of urinary albumin and Continuous Cross-
creatinine sectional

uACR Albuminuria 2 of 3 consecutive uUACR Binary Cross-
measurements: >2.5 mg/mmol sectional

for men, >3.5 mg/mmol for
women measured at baseline
and up to 2 years before
baseline
eGFR annual rate of Estimated coefficients from Continuous Prospective
eGFR change individual linear regression of
follow-up eGFR over time

eGFR Rapid decliner Dichotomised version of eGFR  Binary Prospective
slope -5% or lower
eGFR Incident CKD At least 2 consecutive eGFR Binary Prospective

measurements <60 ml min~"

(1.73 m)=2 minimum 3 months

apart during follow-up and

25% reduction in eGFR from

baseline.
Abbreviations: CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate; uACR,
urinary albumin to creatinine ratio.

4.1.7 Missing data

The association analysis was adjusted for 13 covariates. So, to avoid any loss

of sample size caused by the complete-case strategy, single imputation was
used to address missing values in covariate dataset. The imputation method
carried out using the “mice” package (version 3.14.0) in R. This package
handles missing data through imputation by employing predictive modelling
techniques. It treats variables with missing values as dependent variables and
uses the remaining variables as predictors to estimate the missing values. This
process is iterated multiple times to create several imputed datasets, and these

imputed datasets are eventually combined to form a single complete dataset.
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4.1.8 Missing metabolomics data

Nightingale Health conducted metabolomic profiling on all frozen ET2DS blood
serum samples, with the exception for eight samples, which did not have
sufficient serum for metabolomic profiling. Further interrogation of the
participants with completely missing metabolomics data did not reveal any
particular pattern which would provide explanation for this, so | assumed the
low sample volume was due to laboratory processing. An inspection of the
dataset revealed 40 lipid ratios had missing values, ranging from 1 to 347, due
to the denominator lipid falling below the detection limit (recorded as zero).
These missing values were addressed through imputation where zero values
were assigned a value equivalent to half of the lowest observed value across
the participants. All affected metabolite ratios were recalculated using the
updated values. However, even after the initial imputation, 30 metabolites
(again, mainly lipids) still had missing values. Among these, 27 metabolites had
only one missing value each, while a glycolysis-related metabolite called
pyruvate had the highest number of missing values, totalling 21. Further
imputation was not performed to address these remaining missing data points.
This decision was made because these measurements were rejected during

quality control checks, not because they were below the detection limit.

4.2 Statistical analysis

Continuous variables were reported as mean and standard deviation (SD) if
normally distributed and as median with interquartile range, if skewed.
Categorical variables were presented as total numbers with corresponding
percentages. Histogram plots were employed to visually inspect the distribution
of individual metabolites, ensuring the absence of any prominent outliers and
to assess for normal distribution. All analyses were performed using R version
4.0.3 (R Foundation for Statistical Computing, Vienna, Austria). See table 4-2

for the summary of the main packages used in the analysis.
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Table 4-2 List of main R packages and functions used for analysis.

Function
mice

R package
mice

Brief description of use
Single imputation

Relevant analysis
4.1.5.8 dealing with
missing data of covariate
variables

4213 complementary
analysis for associations
of kidney measures with
metabolomic markers
4.21.3 complementary
analysis for associations
of kidney measures with
metabolomic markers;
4.2.2.2 Development of
metabolites-based risk
score

4.2.2.1 data manipulation
(risk prediction models)

varhandle to.dummy Data manipulation for LASSO

glmnet cv.glmnet LASSO analysis

survminer ggcoxzph Schoenfeld residuals- testing
proportionality of predictors and
convariates in CHP models

CPH for incident CKD

422
analysis
4.2.2.4.1 Reference Score
modification and
evaluation- to address
overfitting and estimate
optimism  adjusted c¢-
statistic

42242 Metrics
assessing risk prediction
performance

42242 Metrics
assessing risk prediction
performance
Correlational
figures

survival surv CPH  modelling

rms validate Internal validation using 500

bootstrap repetitions

nricens nricens NRI metrics

survIDINRI IDIL.INF IDI metrics

pheatmap pheatmap Correlational heatmap heatmap

Ggplot2 ggplot

Figure creation

Figures.

dplyr various

Data manipulation/management

Used throughout steps
described in
methods/analysis

arsenal tableby

Data summaries

Results chapter 5 and 6-

variable descriptions
Abbreviations: CKD, Chronic kidney disease; CPH, Cox proportional hazards; IDI, integrative
discrimination index; NRI, net reclassification improvement.

4.2.1 Associations between metabolites and kidney function

measures
In order to ensure comparability of association coefficients and to fulfil the

necessary condition for LASSO analysis, the original metabolite levels were
natural log-transformed and standardised (mean= 0 and standard deviation
(SD)=1). This was achieved by subtracting the mean and subsequently dividing
by the SD for each individual metabolite. All of the metabolite ratio

measurements were excluded in order to reduce the number of comparisons.
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The distribution of UACR was very left-skewed, so the variable was log-
transformed, which resulted in approximately normal distribution, which was
then used as a covariate in regression analyses. Smoking status was re-defined
from the ET2DS baseline to only consist of two categories: ever smoker

(originally recorded as current-smoker or ex-smoker) and non-smoker.

Cross-sectional associations between continuous baseline measures (eGFR
and uACR levels) and individual metabolite concentrations were analysed
using linear regression. Associations with baseline CKD status and albuminuria
status were analysed using binary logistic regression. All of the regression
models investigated the independent associations between individual
metabolites and each outcome. The initial regression models were adjusted for
baseline age and sex (age and sex-adjusted model). To further explore whether
the association between metabolites and CKD phenotypes was independent of
traditional kidney disease risk factors potential confounders were selected in
accordance to a published risk prediction model (Nelson et al., 2019) . The
following baseline covariates were adjusted for in the full model: age, sex,
diabetes control (diet only, tablets only or insulin), uUACR (or eGFR for uACR
and albuminuria analyses), hypertension status, CVD status, BMI, ever-smoker
status and HbA1c. Considering that the metabolomic panel consisted of many
lipoprotein and lipid measures, the results may be affected by use of lipid
lowering medication. To test the robustness of the findings, | conducted
sensitivity analysis of the associations for baseline kidney function (eGFR and

uACR) with additional adjustment for medication use.

The prospective analyses, considered either incident CKD or rapid decliner
status and each metabolite was modelled using logistic regression and annual
change in eGFR as percentage was investigated using linear regression. The
models were adjusted for baseline eGFR, age and sex (Model 1 plus eGFR),
followed by further adjustment with established CKD risk factors (Full model:
Model 1 plus eGFR, diabetes control, uUACR, hypertension status, CVD status,
BMI, ever-smoker status and HbA1c). To test the robustness of the prospective
findings, | conducted sensitivity analysis of the associations for incident CKD in

a sub-population of ET2DS which excluded participants with CKD in terms of

104



reduced eGFR and/or albuminuria at baseline as well as anyone with a single
eGFR < 60 ml min~" (1.73 m)~2 during the baseline visit.

Regression estimates were reported with 95% confidence intervals. To account
for large number of statistical tests, known to increase false positive findings,
the false discovery rate was controlled using the Benjamini-Hochberg method
with up to 5% threshold for false positive results (Benjamini and Hochberg,
1995). The result was considered to be significant if multiple comparison
adjusted Prpr <0.05.

To explore if the observed associations could lie on the pathophysiological
pathways of traditional CKD risk factors, the relationships between key
metabolites and important covariates were assessed using correlations.
Pearson’s coefficients were calculated for correlations between key metabolites

and continuous risk factors.

In addition, to further explore the metabolomic profiles related to CKD
phenotype and evaluate the stability of findings in traditional analyses |
employed a modern statistical technique called least absolute shrinkage and
selection operator (LASSO). Since metabolomics data is characterised by high
dimensionality and multi-collinearity, LASSO was appropriate as it shrinks the
coefficients of some variables into exactly zero by adding penalty, allowing
selection of variables deemed most valuable for explaining variability in the
outcome (Tibshirani, 1996). Unlike the traditional analysis, where each
metabolite is analysed individually, LASSO accounts for complex information
among the whole metabolomic panel. Nevertheless, it is important to note that
LASSO was utilised as a supplementary tool in my analysis of metabolomic
profiles related to CKD phenotypes. Its application was reserved for instances
where significant findings emerged from traditional regression analyses,

ensuring a focused and targeted use of LASSO.

In this analysis, | employed a five-fold cross-validation process to select the
tuning parameter lambda (A) for LASSO, and | applied the one standard error
rule. The parameter A plays a critical role in LASSO as a hyperparameter
controlling the degree of regularisation in the model. It effectively manages

model complexity, performs feature selection, and facilitates an optimal trade-
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off between bias and variance. To choose the best A, | utilised cross-validation,
opting not to directly select the A with the lowest error but instead applying the
"one standard error rule." This rule favoured a slightly larger A, resulting in more
regularization, which helps guard against overfitting by promoting a simpler
model with slightly increased bias, but reduced variance, in turn promoting a
balance between model complexity and performance. This selection method
was executed using the "cv.glmnet" function within the "gimnet" package
(version 4.0-2) in R. Specifically, | employed linear LASSO and logistic LASSO
for continuous and binary outcomes, respectively. To ensure specific covariates
were included (i.e., the established CKD risk factors used in traditional

analysis), | set the penalty for their coefficients to zero.

4.2.2 Risk prediction for CKD using metabolites in Type 2 Diabetes
This sub-section outlines the statistical analysis procedure | carried out in order
to modify the risk prediction model for incident CKD, originally developed by
Nelson et al. (2019) (here referred to as the reference risk prediction model).
The modification was performed using metabolomics data, resulting in what is
referred to as the updated risk prediction model. Initially, 100 iterations of Cox
LASSO analysis were conducted to identify a stable set of metabolites
associated with incident CKD. The metabolites with the highest frequency of
occurrence were considered as potential components for constructing a
metabolite-based risk score (MetS). Subsequently, the reference risk prediction
model (Nelson et al., 2019) was validated, then re-fitted in the ET2DS cohort
and finally used as the foundation for developing the updated risk prediction
model. Finally, | assessed the additional value provided by the MetS in
predicting the risk of incident CKD within a 5-year timeframe, beyond the
predictive capacity of traditional risk factors in the reference risk prediction

model.

4.2.2.1 Data manipulation

Before constructing the metabolomics-based risk score (MetS), creatinine was
omitted from the list of metabolites. Serum creatinine is a major component in
eGFR calculation, which is already included in the predictor list of the reference
risk prediction model. Since the aim of this analysis is to identify a sparse panel
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of novel metabolites, including creatinine would defeat this purpose. The

measurements in the metabolomic panel underwent a two-step transformation

process: first, a logarithmic transformation, and then standardisation by

subtracting the mean and dividing by the SD (mean= 0, SD= 1). This

transformation was performed to align the data more effectively with the

underlying assumptions of the Cox regression model.

Table 4-3 describes any data manipulation that ensured the variable definitions

in the original publications for reference risk prediction model align with those

available in the ET2DS for risk prediction model validation and modification.

Table 4-3 Summary of variable definitions in the reference model (Nelson et al., 2019a)
and ET2DS data manipulation.

Predictors Units Description  Variable Units/ Handling to match
in of variable in ET2DS Description the reference
reference model
model
Age Per 5years AgeatBLof Age BL Years, calculated  Rounded up to 0
CKD-PC from DOB. decimals and
study. divided by 5
Sex Male/ Records as Sex BL Male/ Female. None
Female per CKD-PC Self-reported in
guideline. BL Quest 1
Categorical. personal history.
Race/ White, Adjustment Ethnic BL Self-reported in One subject was of
ethnicity Asian, only for black BL Quest 1 black ethnicity who
Black, race in the personal. had albuminuria, so
Hispanic model. was excluded from
further analysis.
Predictor omitted.
eGFR mL/min/1.7  Cr based eGFR at mL/min/1.73 m2,  CKD-EPI equation
3m? CKD- EPI BL (BL_biochemistry- based on baseline
equation. serum creatinine serum creatinine as
Linear ne and Quest 1 described in
splines with a for self-reported previous Methods
knot at age, sex) section 4.1.5).
eGFR 60-90, Linear splines:
per =5 mL, Category 60-90 per
eGFR 290, 5mL: (eGFR)/-5
per -5 Category 90 or more
per 5mL: (eGFR)/-5
Hypertensi BP-mmHg SBP 140and SBP, mmHG, SBP => 140 AND
on or DBP 90 DBP; anti- measured DBP=>90; OR Yes
medication  mmHg; HTN (BL_data_Physiol to medication use ==
use use of medicatio  ogical); Hypertension
antihypertens n use Meds- BP
ive lowering: Y/N
medications (BP_lowerBL from
summary
medication,
derived from
medication
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questionnaire,
self-reported-

injections, dietary
control

MedBP_BL
(Y/N/DN))

Smoking Ever Status Smoker- BL_ quest 1 ever smoker=
smoking vs  reported by 1. No Smoking smoker present or
never studies 2. Ever Questionnaire, ex-smoker.
smoking individually self-reported

History of myocardial Status Prevalent Derived from CVD if yes to any of

CVD infarction, reported by events BL_quest Medical the listed prevalent
coronary studies 2006/200  hist,. Self- variables.
revasculari  individually 7 reported
sation, variables:  questionnaire).
angina, myocardi
heart al
failure, or infarction,
stroke coronary

interventi
on,
Stroke,
TIA,
angina

BMI Kg/mZper 5 calculated as BMI_BL kg/m?, calculated Rounded to 0
points weight in from weight and decimals, and

kilograms height measured  divided by 5.
divided by at BL (BL_data

height in collection

meters Physiological)

squared

Urinary mg/g per albACR_ mg/mmol, Urinary  Mg/mmol divided by

ACR 10-fold BL measurement conversion factor
increase (BL_ 0.113 = mg/g.

biochemistry) Natural log1o of ACR

HbA1c per 1% HbA1c % total; measured Rounded to 0

(BL_ biochemistry decimal places.

Insulin vs at7% Insulin summary A categorical

tablets HbA1c use medication, variable with 3

diabetes Oral derived from mutually exclusive

medication diabetes medication categories: O=diet

None vs meds. questionnaire, only; 1=tablets only;

tablets self-reported: 2= insulin injections

diabetes diabetes tablets, (with or without
medication diabetes tablet us/diet control)

Abbreviations: ACR, albumin to creatinine ratio; BL, baseline; BMI, body mass index; BP, blood
pressure; CVD, cardiovascular disease; DOB, date of birth; eGFR, estimated glomerular
filtration rate; HbA1c, glycated haemoglobin, TIA, Transient ischemic attack.

Moreover, the proportional hazards assumption in Cox models suggests that

the effect of a predictor on the hazard of an event is consistent over the entire

follow-up period. If this assumption is violated, it suggests that the effect of

predictor varies over time, which directly impacts the interpretation and

reliability of the model. To ensure the assumptions of Cox regression

proportional hazard model were met, a check was conducted using scaled
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Schoenfeld residuals (In and Lee, 2023). These residuals indicate the
disparities between observed event times and the expected event times for
each individual at various time points. If the assumption holds, then the
Schoenfeld residuals are scattered randomly around zero when plotted against
time (i.e., no visible trends). If it was found that some predictors violated these
assumptions, interactions between age and those specific predictors would be
introduced into the Cox model to address this issue. The interactions with age
were chosen because it would allow the effect of predictor to vary as a function

of age and capture any time-dependent changes.

4.2.2.2 Development of metabolites-based risk score (MetS)

Throughout my PhD project, | intended to primarily apply LASSO as a
fundamental technique for analysing metabolomics data. LASSO offers an
advantage over traditional stepwise regression models by addressing
prediction optimism. Consequently, | have chosen to employ it as a filtering
mechanism to identify a sparse and consistent set of metabolites that exhibit
predictive capabilities for incident CKD risk. Once these metabolites have been
identified, the next step involved amalgamating them into a unified score using
an unpenalized and unadjusted Cox model. This methodology is derived from
a study conducted by (Ganz et al., 2016) and was also utilised by my colleague
who studied CVD risk in ET2DS, which we published previously (Huang et al.,
2023).

To establish a robust set of components for the metabolite-based score, MetS,
| conducted 100 iterations of Cox LASSO using Bootstrap with replacement
(figure 4-1). During these iterations, | varied the cross-validation fold and
random seeds, employing the "cv.gimnet" function within the 'gimnet' package
(version 4.0-2) in R. In order to create MetS, which is a representative selection
of metabolites that one would expect when employing LASSO with
regularisation, guided by the 1-standard error rule (see section 4.2.1 for more
detailed explanation), | decided to only consider metabolites that were selected
most frequently in the LASSO iterations. This decision was guided by a
‘frequency threshold’ approach, where the threshold for frequency was chosen

where a natural break in distribution of frequencies for each metabolite occurs.

109



Metabolites that emerged within the top frequencies were deemed eligible
components for the MetS.

It is essential to note that LASSO was exclusively utilised for variable selection
in this context. Following the determination of the metabolites, they were
integrated into a single score, which | called MetS using a semi-parametric
survival model, specifically, an unadjusted and unpenalized Cox model. The
linear predictor within this Cox model, calculated as the sum of regression
coefficients multiplied by the corresponding metabolite concentrations, served

as the weighted MetS for each participant.

694 CKD-free individuals

227 metabholites

/ \
/ \
/ \
/ Repeat 10 \ Repeat 1

Repeat 1

Repeat 100

v

5-fald Cox 5-fold Cox 5-fold Cox 5-fold Cox 5-fold Cox 5-fold Cox
LASSO LASSO LASSO LASSO LASSO LASSO
(random (random (random (random (random (random
seed= 6) seed=7) seed= 15) seed= 6) seed=7) seed= 15)
Metabolite ‘
selection

Ace, DHA/FA,

DHA/FA, lle, Tyr,
lle, Tyr. L_LDL_TG,

Etc. Etc.

Ace, Gly,
lle, Tyr,

Lac, Gly, Lac, lle, Ace, Gly,
lle, LA, XS_VLDL_FC lle, Tyr,
L_LDL_TG, Cit, L_LDL_TG,

Etc. Etc.

L_LDL_TG,
Etc.

|
|
Total frequency for each metabolite -> those with top frequency (selected in
>80% Cox LASSO repeats) were considered as components for the
Metabholites-based Score (Unpenalised Cox regression)

Figure 4-1 Selection procedure of candidate metabolites in 100 repeats of Cox LASSO.

4.2.2.3 Reference risk prediction model validation

As introduced in the background chapter, a recent systematic review (Slieker
et al., 2021) suggested that the reference risk prediction model (Nelson et al.,
2019) showed the best performance in terms of apparent discrimination among
people with type 2 diabetes. Nelson equation predicted confirmed eGFR <60

ml min~! (1.73m)~2, which was defined as at least 2 consecutive eGFRs < 60
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ml min~" (1.73m)2 at least 3 months apart (but not longer than over 2 years in

between measurements).

To ensure that the reference risk prediction model developed by (Nelson et al.,
2019), performs as well as suggested by previous literature, it was examined in
ET2DS using a process known as external validation (i.e., assessment of
predictive performance in data not used for mode development). As per
recommendation (Bleeker et al., 2003, Reilly and Evans, 2006, Toll et al., 2008,
Royston and Altman, 2013), to obtain accurate and precise estimation of
predictive performance by the reference risk prediction model in terms of
calibration and discrimination, the definitions of predictors were applied exactly
as described in the original publication by Nelson et al. (2019). In order to
achieve this, | calculated the risk for the confirmed incident CKD event within 5
years of follow-up in CKD-free (at baseline) ET2DS participants using the

published risk equation shown in Box 4-1 (Nelson et al., 2019).

Box 4-1. The reference risk prediction model equation for risk

calculation:

Published prediction equation applied to individual patients for the 5-

year absolute risk of incident eGFR 60 ml min~! (1.73m)2

exp [-510.9212477 x exp [-3.070735 + 0.1351572 x (age/5 — 11) +
0.1381975 x (if female) + 0.0920208 x (if black*) + 0.3546697 x (15 —
min(eGFR, 90)/5)- 0.1525133 x max(0, eGFR-90)/5 + 0.1870637 x (if has
history of CVD) + 0.0619679 x (HbA1c —7) + 0.1078296 x (if insulin use) —
0.150944 x (if no DM medication use) + 0.023959 x (HbA1c —7) x (if insulin
use) + 0.0398424 x (HbA1c —7) x (if no DM medication use) —0.00084 x (if
ever smoking) + 0.3653268 x (if hypertensive) + 0.050306 x (BMI/5-5.4) +
0.3737905 x (log10ACR — 1)]]

In addition, to test that the reference model is superior in terms of predicted risk
in ET2DS, as suggested by previous studies (Slieker et al., 2021), | also
compared it with risks calculated using two simpler equations (herein referred

to as the Chien equation (Chien et al., 2010) and the O’Seaghdha equation
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(O'Seaghdha et al., 2012) for predicting a 5-year risk of incident CKD. The
equations were applied to ET2DS dataset as shown in Box 4-2 and Box 4-3 for
Chien equation and O’Seaghdha equation, respectively. | chose these
equations as comparators, as both were also used for comparison in the
development study of the reference model, the models consisted of variables
available in ET2DS, predicted a relevant outcome and had replicable equations
published (Nelson et al., 2019).

Box 4-2. Chien equation:

Published prediction equation applied to individual patients for the 4-

year absolute risk of incident eGFR 60 ml min~! (1.73m)~2*

1-0.9632 * exp (-6.8 + 0.077 x age (in years) + 0.366 x (if diabetic) + 1.24
x (if history of stroke) + 0.059 x Body mass index (kg/m?) + 0.018 x diastolic

blood pressure (in mmHg))

*Equation taken from Nelson model publication (supplementary material).

Box 4-3. O'Seaghdha equation:

Published prediction equation applied to individual patients for the 5-
year absolute risk of incident eGFR <60 ml/min/1.73m2 *

1-(1-0.092)70.5/((1-0.092)* 0.5+ (1—-(1-0.092) * 0.5) x exp(-6.235
+ 0.095 x age (in years) + 0.476 x (if diabetic) + 0.761 x (if hypertensive) +
0.779 x (if 75 < eGFR < 90) + 1.558 x (if 60 < eGFR <75) + 0.300 x (if ACR
= 30 or dipstick = trace)))

In brief, the Chien equation (Chien et al., 2010) originated from a study involving
5,168 Chinese individuals who underwent initial health assessments at the
National Taiwan University Hospital, followed by yearly check-ups that included
measurements of serum creatinine levels to evaluate the changes in eGFR.
Over a median follow-up period of 2.2 years, 190 individuals in this group
developed CKD. Chien et al. (2010) used the best subset multivariate Cox
proportional hazards model to establish a parsimonious model according to
backward selection strategy. | used the clinical equation that predicted incident
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CKD defined as an eGFR of less than 60 ml min~' (1.73m)™2 and consisted of
age, BMI, diastolic blood pressure, and history of T2DM and stroke as
predictors. The variables in Chien equation, did not require any manipulation

as they were recorded for ET2DS exactly as describe in the development study.

The O’'Seaghdha equation (O'Seaghdha et al., 2012) was developed using data
primarily from a white population in Framingham, Massachusetts. This model
relied on baseline serum creatinine levels and a follow-up measurement taken
a decade later. Within a group of 2,490 individuals aged 45 to 64 years in this
particular study, 229 developed an eGFR of less than 60 mL/min/1.73m? after
10 years. O'Seaghdha et al. (2012), used a stepwise logistic regression to
identify CKD prognostic factors and selected these to construct a risk score
predicting 10-year chronic kidney disease risk. The O’Seaghdha equation
included age, hypertension, diabetes, eGFR category, and albuminuria values
as predictors. In terms of variables used in the O’'Seaghdha equation,
compared to those available in ET2DS, only hypertension status variable had
to be created, which was defined the same as for the reference risk prediction
model (systolic blood pressure >140 mmHg and diastolic blood pressure >90
mmHg and/or use of antihypertensive medications). Also, eGFR was

categorised as defined in the equation (Box 4-3).

Brier scores (Brier, 1950), the mean squared difference between the predicted
risk vs observed binary outcomes (see equation below), were used to evaluate
which risk equation showed the best calibration within each cohort. In this
equation, yi is the observed outcome (y=0 for no CKD and y=1 for CKD) and pi

is the risk score for the it" person:
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4.2.2.4 Reference Score modification and evaluation

Once | established that the risk prediction model developed by Nelson et al.
(2019) was adequate to use as the reference model (Nelson et al., 2019), |
modified it with MetS by combining the two. In order to achieve this, | retrained
the reference model (Nelson et al., 2019) by re-estimating the refence model
coefficients when applying it to the ET2DS data. Cox proportional hazards
models were used to estimate the association between levels of individual
variables and risk of incident CKD. Finally, this re-fitted reference model was
modified by adding a new variable, named metabolites-based risk score (MetS)
to develop the updated risk prediction model. To address the concern of
overfitting, | conducted internal validation using 500 bootstrap repetitions, which
was carried out using the "validate" function within the 'rms' R package. This
process was employed to reduce the optimism of the predictive performance of
the refitted reference score before and after the modification with MetS. The
evaluation of predictive performance involved the re-fitted reference model,
MetS in isolation, and their joint application, each assessed independently
through discrimination and calibration measures (described in the following
section 4.2.2.5). Furthermore, | assessed the additional predictive contribution
of the MetS beyond the traditional risk factors CKD prediction. This assessment
was based on continuous net reclassification improvement (NRI) and integrated
discrimination improvement (IDI) analyses (described in the following section
4.2.2.5).

4.2.2.5 Metrics assessing risk prediction performance

Discrimination statistic evaluates the ability of the risk prediction model to
distinguish between individuals at high and low risk (Alba et al., 2017). The
primary metric used for assessing discrimination in general linear regression
models is the concordance (c) statistic (Steyerberg, 2019). In binary prediction
scenarios, this is equivalent to the area under the curve (AUC). It represents
the probability that, among randomly selected "event" and "non-event"
individuals, the "event" individual will have a higher predicted risk. A higher c-
statistic indicates better discrimination, where 1 suggests perfect
discrimination. However, traditional c-statistics are not directly applicable to

time-to-event data. Therefore, Harrell's c-statistic was developed to evaluate
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discrimination in survival analysis, measuring the proportion of usable patient

pairs with concordant predictions and outcomes (Harrell et al., 1996).

While the c-statistic serves as a valuable tool to assess model performance, it
has limitations when evaluating the addition of new biomarkers to models
already containing strong predictors (Price et al., 2017, Moons et al., 2012b).
To address this, metrics like the net reclassification improvement (NRI) were
developed. The NRI assesses how the introduction of novel predictors
reclassifies individuals into risk categories. Subjects correctly re-categorised as
higher risk (+1) or lower risk (-1) in the new model are assigned specific values,
while those remaining in the same category receive a value of 0. The sum of
these values informs the NRI calculation (Pencina et al., 2008, Pencina et al.,
2011). The NRI metrics were calculated with nricens function (nricens R

package).

The integrated discrimination improvement (IDI) is another valuable tool for
evaluating reclassification. The IDI is calculated as the disparity in
discrimination slopes between the two models under comparison, with
discrimination slopes indicating the slope of a linear regression relating the
predicted probability of the 'event' group to that of the 'non-event' group
(Pencina et al., 2017). It quantifies the difference in sensitivity and specificity
integrals between models with and without novel biomarkers. IDI was
calculated using the IDIL.INF function in the survIDINRI R package. A larger IDI
suggests improved risk prediction and it is calculated using the following

equation (Kerr et al., 2011):
IDI = (ISnew — 1Soid) = (IPnew — [Pold)
Where:
IS: the integral sensitivity over all possible cut-off values
IP: the corresponding integral of ‘1-specificty’,
Subscript of ‘new’: the model with novel biomarkers

Subscript of ‘old’ : the reference model without the markers
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Calibration, measures the agreement between observed outcomes and
predicted risks, which is a vital property of a risk prediction model (Steyerberg,
2019). Calibration plots provide a visual representation of calibration, with the
x-axis representing predicted risks and the y-axis indicating observed
outcomes. A perfect prediction aligns with the 45° line (Steyerberg, 2019).
When a model exhibits good calibration, the actual occurrence rate of the event
within various groups should closely align with the predicted event probability
generated by the model. | used an adapted calibration plot that compares
predicted risks and observed event frequencies for enhanced visualisation
(Ganz et al., 2016, Hippisley-Cox et al., 2017), and this adapted plot was used

to present the results in my thesis.

In summary, | developed a multi-marker score called MetS using a multivariable
selection method LASSO. The sum of selected metabolites coefficients was
used as a new predictor, which was used to modify the reference model, in turn
developing an updated risk prediction model. Then, | evaluated discriminative
ability of the reference and updated models, the reclassification performance,
and calibration to comprehensively assess its predictive accuracy in the context

of risk prediction for 5-year risk of incident CKD.

116



Chapter 5. Results |I: metabolomic profiles of

declining kidney function in T2DM

This chapter describes baseline characteristics of the Edinburgh Type 2
Diabetes Study (ET2DS) participants, summaries of kidney function measures
available, as well as the description of measured metabolite levels in this cohort
of patients with type 2 diabetes mellitus (T2DM). The metabolomic profiles
according to estimated glomerular filtration rate (eGFR), chronic kidney disease
(CKD) status and albuminuria at baseline are presented. Longitudinal changes
in eGFR and incident CKD are also described along with their associated

metabolomic profiles.

5.1 Characteristics of the studied population

5.1.1 Baseline demographics

The baseline demographic and clinical characteristics of the ET2DS cohort
(N=1,066) are summarised in Table 5-1. The average age of the entire
population was 67.9 (standard deviation (SD)= 4.2) years, with 547 (51.3%)
male participants. The average body mass index (BMI) for the population was
31.4 (SD= 5.7) kg/m?2. While the average systolic blood pressure was 133.3
(SD= 16.4) mmHg (below hypertensive level of 140 mmHg), the maijority of
individuals were considered to have evidence of hypertension (82.5%) based
on the reported blood-pressure lowering medication use. The prevalence of
cardiovascular disease (CVD) in the ET2DS at baseline was 35.3% (376
individuals having a history of one or more cardiovascular events prior to
baseline). A minority of individuals (14.4%) were current smokers, but the
majority of those who are not currently smoking had quit smoking more than 6
months prior to baseline visit (46.7%). The mean plasma HbA1c level was 7.4
(SD= 4.1) %, and the median duration of diabetes was 6 years (interquartile
range (IQR) 2, 10). More than half of subjects (62.9%) received oral medication
for diabetes control. Overall, the baseline characteristics of interest had low
levels of missing data, with the maximum levels of 2.8% missing results seen
in diabetes medications. The data were complete for age, sex, smoking status

and prevalent CVD variables.
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Table 5-1 Baseline characteristics of the ET2DS (N=1,066 )

Before Imputation

After imputation

Variable N Missing Mean, SD/ Mean, SD/
IQR/ N (%) IQR/ N (%)
Age (years) 1,066 0 (0.0) 67.9,SD=4.2 67.9SD=4.2
Sex: male 1,066 0 (0.0) 547 (51.3) 547 (51.3)
Sex: female 1,066 0 (0.0) 519 (48.7) 519 (48.7)
BMI (kg/m?) 1,065 1 (0.1) 31.4, 31.4,
SD= 5.7 SD=5.7
Diabetes duration (years) 1,053 13 (1.2) 6 (2, 10) NA
HbA1c (% Total) 1,057 9(0.8) 7.4 SD=1.1 7.4 SD=1.1
Plasma glucose (mmol/l) 1,049 17 (1.6) 7.6 SD= 2.1 NA
Diabetes control
Oral medication only (%) 1,036 30 (2.8) 652 (62.9) 678 (63.6)
Insulin injections (%) 1,036 30 (2.8) 186 (18.0) 190 (17.8)
Diet only (%) 1,036 30 (2.8) 198 (19.1) 198 (18.6)
Cardiovascular-related
SBP (mmHg) 1,064 2(0.2) 133.3, 133.3, SD= 16.4
SD=16.4
DBP (mmHg) 1,064 2(0.2) 69.1, 69.1,
SD= 9.0 SD=9.0
Blood-pressure lowering 1,059 7 (0.7) 873 (82.4) 880 (82.6)
meds (%)
Hypertension 1,059 7(0.7) 874 (82.5) 881 (82.6)
Lipid-lowering meds (%) 1,064 2 (0.2) 912 (85.7) 914 (85.7)
Prevalent CVD 1,066 0 (0.0) 376 (35.3) 376 (35.3)
Smoking status
Current smoker (%) 1,066 0 (0.0) 154 (14.4) 154 (14.4)
Ex-smoker (%) 1,066 0 (0.0) 498 (46.7) 498 (46.7)
Never smoked (%) 1,066 0 (0.0) 414 (38.8) 414 (38.8)

Data are presented as mean and standard deviation, median (lower, upper interquartile range
(IQR)) or n (%). Abbreviations: BMI, Body mass index; CVD, cardiovascular disease; DBP,
Diastolic blood pressure; HbA1c, glycosylated haemoglobin; SBP, Systolic blood pressure; NA,

not applicable.

5.1.2 Serum metabolites
The metabolomic panel measured 228 different low-molecular weight

metabolites (149 concentrations of individual metabolites and 79 derived ratios)
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in a cohort of 1,058 participants from the ET2DS. After imputation of
metabolites which had concentration of zero (as detailed in section 4.1.8), the
average number of missing metabolite measurements was very low (0.03%,
[range 0% - 1.99%]) and should not impact the results of subsequent
metabolomic profile analyses. Appendix B Table S5-1 provides details on the
summary statistics for each individual metabolite. Appendix B Figure S5-1
displays histograms depicting the distribution of these individual metabolites,
which indicated that the majority followed a normal distribution pattern. Notably,
there were substantial interrelationships observed among individual
metabolites, especially within the category of lipid-related metabolites, with
pairwise correlation coefficients between lipids ranging from -0.99 to +0.99
(Figure 5-1).

Figure 5-1 Correlation matrix of serum metabolites in the ET2DS (N=1,058).

119



5.2 Cross-sectional analyses of metabolomic profiles in ET2DS

This section explores the metabolomic profiles of kidney function in terms of
associations between serum metabolites and relevant kidney function
measures at baseline. After describing the individual outcomes studied, the
focal point of the section summarises the results of the cross-sectional analysis,
which involved traditional regression models as well as complementary
multivariate analysis using least absolute shrinkage and selection operator
(LASSO) models.

5.2.1 Description of kidney function measures and outcomes

5.2.1.1 Missing data and included participants

The total number of participants included in each cross-sectional analysis and
by outcome, is presented in table 5-2, along with reasons for excluding subjects
from each analysis. Historical serum creatinine was missing for 14 participants,
so their CKD status was based on baseline eGFR result alone. At baseline,
eGFR was missing in eight participants, so their CKD status was determined
using historical eGFR results. All eight had a measurement done within 6
months of baseline visit, which was used to substitute their baseline eGFR.
Overall, all 1,066 ET2DS participants had at least a historical or baseline eGFR
to define their CKD status. The baseline uUACR measurements were missing for
20 participants (15 missing urinary albumin and 11 missing urinary creatinine
measurements), so their albuminuria status was based on historical
albuminuria levels alone. There were 309 participants with no historical
albuminuria results (n=236 with no historical data; n=73 with two or less
consecutive measurements within two years before baseline). For 308 of these
participants albuminuria status was determined using baseline uACR alone,
and one who had missing urinary creatinine level had a urinary albumin of >100
mg/mmol, which suggested that albuminuria is highly likely. Overall, all 1,066
participants in ET2DS had either historical or baseline measurements to
determine the albuminuria status at baseline. There were eight participants who
did not have any metabolomic profiling data and thus were not included in any
of the subsequent analyses, leaving 1,058 participants for cross-sectional
analysis of metabolomic profiles related to CKD.
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Table 5-2 Summary of number of participants included in the cross-sectional analysis of
the metabolomic profiles of baseline kidney function in the ET2DS.

Trait Included Missing Reason missing data/ exclusion from
subjects analysis

eGFR, 1058 8 (0.8) Eight missing metabolomics data due to

ml min=' (1.73 m)2 insufficient serum for metabolic profiling

CKD 1058 8 (0.8) Eight missing metabolomics data

UuACR, mg/mmol 1038 28 (2.6) 20 missing UACR (15 missing urinary
albumin and 11 missing urinary creatinine
measurements); eight missing

metabolomics data

Albuminuria 1058 8 (0.8) Eight missing metabolomics data

Data are presented as n (%). Abbreviations: CKD, chronic kidney disease; eGFR, estimated
glomerular filtration rate; uACR, urinary albumin to creatinine ratio.

5.2.1.2 Description of kidney function measures at baseline

The mean (SD) baseline levels of eGFR in the included ET2DS participants
(n=1,058) was 77.3 (SD= 18.9) ml min~' (1.73 m) 2 and the median uACR for
1,038 available participants was 1.17 (IQR 0.77, 1.99). Both kidney function
measures indicated that an average participant in ET2DS does not have
evidence of CKD. The distribution of continuous kidney function measures
(eGFR and uACR at baseline) is presented in figure 5-2. The eGFR at baseline
(figure 5-2A), showed slightly left-skewed distribution, which appeared to be a
result of participants with CKD at baseline. Similarly, uACR at baseline (figure
5-2B.), showed slightly right- skewed distribution even after log-transformation,
but the skew appeared to be caused by the presence of a small number of
patients with very high albuminuria in the ET2DS cohort. The overlap between
cases and no cases (group 1 and 0, respectively) in the histograms of baseline
eGFR reflects that CKD case status was defined as two of three eGFR
measurments below 60, while the histograms show the single measure of
baseline eGFR (Figure 5-2A). Likewise for albuminuria cases and uACR

histogram Figure 5-2B).
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Figure 5-2 Distribution of baseline eGFR and log of uACR.

Log UACR (mg/mmol)

Left panel, Group 0 = no CKD, Group 1 = CKD at baseline; right panel, Group 0 = no

albuminuria, Group 1 = albuminuria. eGFR, estimated glomerular filtration rate; uACR, urinary

albumin to creatinine ratio.

Although creatinine measured via the metabolomics platform was excluded
from the main analysis, its measurement by two independent methods
(metabolomics and clinical blood serum biochemistry analyser) made it
worthwhile to investigate the agreement between the two. | performed a
Pearson correlation analysis, presented in Figure 5.3, which revealed a strong
positive correlation (coefficient= 0.96, close to perfect correlation of 1) between
the creatinine levels obtained from both methods. This, in turn, supports the

validity of the case-control definitions for CKD.

122



0.39 .
R=0%9 p=22e-186

0.21

Creatinine-metabolomics

0.1

100 200 300 400
Creatinine (IDMS corrected)

Figure 5-3 Correlation between creatinine measured using two independent methods:
metabolomics and clinical chemistry analyser.

The number of cases and non-cases for binary outcomes (reduced eGFR and
albuminuria) are summarised in table 5-3. Prevalence of persistently reduced
eGFR (indicative of CKD) among included ET2DS participants at baseline was
20.4%. Prevalence of albuminuria among the included participants (n=1,058)
was 19.9%. Based on persistent albuminuria and reduced eGFR status, 33.3%

of individuals had evidence of CKD at baseline.

Table 5-3 Contingency table for number of study participants who achieved binary
kidney function outcomes in the ET2DS.

Reduced eGFR present Normal eGFR Total
Albuminuria present 75 136 211
Albuminuria absent 141 706 847
Total 216 842 1058

Abbreviations: CKD, chronic kidney disease.

Data presented as numbers of individuals in the study; Reduced eGFR defined as persistently
reduced eGFR below 60 (indicative of CKD) at baseline based on consecutive baseline and
historical eGFR measurements; normal eGFR, eGFR above 60 based on consecutive baseline
and historical eGFR measurements; Albuminuria, evidence of increased urinary albumin to

creatinine ratio based on consecutive baseline and historical measurements.
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5.2.2 Cross-sectional analysis of metabolomic markers associated
with baseline eGFR and CKD
The creatinine was included in the metabolomics panel (with 149 metabolites

measured in total), however since it is the key component of the calculation for
eGFR, it was not considered in the analyses concerned with baseline eGFR.
Linear regression analysis revealed that 103 metabolites were significantly
associated with baseline eGFR at Prpor < 0.05 in age and sex-adjusted model.
Further adjustment for CKD risk factors (full model included adjustment for age,
sex, diabetes control, uUACR, hypertension status, CVD status, BMI, ever-
smoker status and HbA1c) decreased the number of significant associations
(Pror < 0.05) to 88 metabolites (Figure 5-4; see appendix Table S5-2 for

detailed P values and (3 coefficients).

The majority of metabolites were inversely associated with eGFR. The most
prominent association was with very-low-density lipoprotein (VLDL)
subclasses, specifically triglycerides in very small VLDL particles (B = -3.95
(95% Confidence interval (Cl) -4.97, -2.92) ), Prpr=7.04*10-"?) and cholesterol
in small VLDL (B = -3.92 (Cl -4.94, -2.89), Pror=7.04*10""2). Triglycerides in
intermediate density lipoprotein (IDL) and low-density lipoprotein (LDL),
glycolysis-related glycerol and citrate, inflammation-related glycoprotein acetyls
as well as amino acids phenylalanine, glycine and isoleucine, were all inversely
associated with eGFR. Conversely, glucose, apolipoprotein A1 (ApoA1) and
high-density lipoprotein (HDL) subclass were positively associated with eGFR,
with the strongest effect demonstrated in total HDL cholesterol (B = 3.53 (CI
2.44, 2.62), Pror=4.36*107°). Most of the significant associations (Prpr<0.05)
remained the same in terms of significance and the effect direction after
additional adjustment for lipid lowering medication use (see appendix B, Table
S5-3). The only exception was identified for free cholesterol in very large HDL,
which only showed significant association with baseline eGFR before additional

adjustment for lipid lowering medication.

Baseline CKD status (based on persistently reduced eGFR at baseline and up
to 2 years before baseline) was significantly associated with 101 metabolites

(excluding creatinine) of 148 included metabolite concentrations in age and
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sex-adjusted model, which again slightly decreased to 87 significant
associations (Prpr < 0.05) in the fully adjusted model (Figure 5-4B, appendix B

Table S5-4). Similarly, to baseline eGFR results, triglycerides in very small
VLDL demonstrated the strongest associations (odds ratio (OR) 1.80 (95% CI
1.50, 2.19), Pror =7.14*10%). Most of the associations reflected those
described for eGFR, with exception for lipid traits in very-large HDL and total
cholines, which were only associated with CKD. Conversely, free cholesterol
and phospholipids in small HDL as well as total fatty acids, degree of

unsaturation and glucose were only significantly associated with baseline

eGFR.
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A B
3
9
’i:? . 1‘:?4
g° g :
= =
(=] (=1 L4
B B
o - %
'. .
5 2
~
3 5
I T TR T TTTTooiTTToTmoooes
-------------------------------- [ R LR LR L LR Y
¢ .
&
0 0
4 2 0 2 06 08 1.2 15 1.8
Beta Odds ratio
Amino acids ¢ Fluid balance « IDL LDL
group Apolipoproteins ® Glycolysis-related ¢ Inflamation-related Lipoprotein particle sizes
Fatty acids ¢ HDL Ketone bodies VLDL

Figure 5-4 Association between 148 individual metabolites (except creatinine) and
baseline eGFR and CKD in the ET2DS (n= 1,058).

Red dashed line represents significance level, metabolites above it were significant at
Pror<0.05. A panel: Baseline eGFR (Full model adjusted for age, sex, diabetes control, UACR,
hypertension status, CVD status, BMI, ever-smoker status and HbA1c); B panel: Baseline CKD
(Full model adjusted for same covariates as listed above).
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5.2.3 LASSO regression models of kidney function at baseline

In the complementary multivariate analysis using LASSO regression with age
and sex forced into the models, nine metabolites were selected in association
with baseline eGFR and seven metabolites with baseline CKD status (Table 5-
4). As expected, creatinine was selected in addition to a sparse panel of
uncorrelated metabolites predicting eGFR or CKD status at baseline (Figure 5-
4A and B, respectively). Comparison between metabolites selected in LASSO
and the statistically significant associations in traditional regression analyses
with adjustment for age and sex showed a considerable overlap, with stable
direction of effect in majority of the overlapping metabolites (see Venn
diagrams for baseline eGFR and CKD status in Figures 5-5 and 5-6,
respectively). This indicates that the associations found in the analysis that
considered individual metabolites are robust in terms of reliability and
consistency. The findings reported in the cross-sectional analysis are

independent of the specific statistical analysis method | used for analysis.

Table 5-4 Selected metabolites in LASSO regressions for baseline eGFR and CKD status.

Outcome eGFR CKD
Metabolite Beta Metabolite Odds
coefficient* ratio*
Creatinine -3.41 Creatinine 2.74
Albumin 0.47 Albumin 0.86
Cholesterol in very small -0.11 Cholesterol in very small VLDL  1.01
\F{hgsl_pholipids insmallLDL 0.32 Phospholipids in small LDL 0.90
VLDL diameter 0.65
Omega-3 0.01
Glucose 0.18
Isoleucine 0.02
Phenylalanine -0.05
Free cholesterol in very small 1.01
VLDL
Cholesterol esters in medium 0.99
HDL
Citrate 1.03

*Models were adjusted for age and sex. Abbreviations: CKD, chronic kidney disease; GFR,
estimated glomerular filtration rate; HDL, high density lipoproteins; LDL, low density
lipoproteins; VLDL very-low density lipoproteins.
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Figure 5-5 Correlational heatmap between the metabolites selected by
the LASSO regression model in the ET2DS (n= 1,058).

A: Metabolites selected for eGFR at baseline as the outcome. B: Metabolites selected for CKD
status at baseline as the outcome. Red and blue colours indicate positive and negative direction
of correlation, respectively and colour intensity is relative to the strength of correlation
coefficient. Abbreviations: Alb, albumin; Cit, citrate; Crea, creatinine; FAw3, Omega-3 fatty
acids; Glc, glucose; lle, isoleucine; M_HDL_CE, Cholesterol esters in medium HDL; Phe,
phenylalanine; S_LDL_PL, Phospholipids in small LDL; VLDL_D, Mean diameter for VLDL
particles; XS_VLDL_C, Total cholesterol in very small VLDL; XS_VLDL_FC, Free cholesterol
in very small VLDL.
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Figure 5-6 Venn diagram showing the overlap between metabolites
associated with baseline eGFR and those selected by the LASSO
linear regression model in the ET2DS (n= 1,058).

Abbreviations: . + positive direction of association; - negative direction of association; Alb,
albumin; Crea, creatinine; eGFR, estimated glomerular filtration rate; FAw3, Omega-3 fatty
acids; Glc, glucose; lle, isoleucine; Phe, phenylalanine; S_LDL_PL, Phospholipids in small low-
density lipoprotein; VLDL_D, Mean diameter for very low-density lipoprotein particles;
XS_VLDL_C, Total cholesterol in very small very low-density lipoprotein.

CKD-1 ASSO

Figure 5-7 Venn diagram showing the overlap between metabolites
associated with baseline CKD and those selected by the LASSO logistic
regression model in the ET2DS (n= 1,058).

Abbreviations: . + positive direction of association; - negative direction of association; Alb,
albumin; Cit, citrate; CKD, chronic kidney disease; Crea, creatinine; M_HDL_CE, Cholesterol
esters in medium high-density lipoprotein ; S _LDL_PL, Phospholipids in small low-density
lipoprotein; XS_VLDL_C, Total cholesterol in very small very low-density lipoprotein;
XS_VLDL_FC, Free cholesterol in very small very low-density lipoprotein.

128



5.2.4 Metabolomic markers associated with baseline albuminuria
Baseline uUACR

The uACR levels at baseline were significantly associated with 46 metabolites
out of 149 metabolite concentrations measured in the ET2DS in age and sex-
adjusted model with multiple testing correction (Figure 5-7A, appendix B Table
S5-5). While the strongest positive association was demonstrated with
inflammation-related glycoprotein acetyls (mainly a1-acid glycoprotein) (f=0.15
(95% CI1 0.10, 0.21), Pror = 1.92*10-), most of metabolites belonged to HDL
and VLDL subclass. The metabolites in HDL group were inversely associated
(except for the triglycerides) with uUACR with the effect size ranging from 3 -0.13
(95% CI -0.18, -0.08) to B -0.07 (95% CI -0.21, -0.02), all Prpr <0.05). The
metabolites in VLDL group were positively associated with uACR with the effect
size ranging from 3 0.07 (95% CI1 0.02, 0.13) to B 0.07 (95% C1 0.01, 0.12), all
Prpr <0.05).

After adjustment for all of the CKD risk factors, the uACR levels were
significantly associated with only two metabolites (Pror <0.05) (Figure 5-7B
appendix B Table S5-5). The glycoprotein acetyls remained positively
associated with UACR, although the effect size was slightly attenuated ($=0.10
(95% CI 0.05, 0.16), Pror = 0.02). The positive direction of effect, suggested
that increased levels of glycoprotein acetyls were associated with higher uUACR
which is indicative of worse kidney damage. Glycoprotein acetyls were also
associated with baseline eGFR after adjustment for all CKD risk factors and
also increased with worsening kidney function. Aromatic amino acid tyrosine
was also significantly in both models and showed a negative association with
baseline uACR (B=-0.11 (95% CI -0.18, -0.07 ), Pror = 0.001), which indicated
that tyrosine is potentially associated with lower levels of kidney damage.

Tyrosine was not significantly associated with baseline eGFR.

In sensitivity analysis, additional adjustment for lipid-lowering medication use in
the full model, both tyrosine and glycoprotein acetyls remained significantly
associated with similar effect size [tyrosine: = -0.11 (95% CI -0.16, -0.06 ),
Pror = 0.002), B=0.09 (95% CI 0.04, 0.14), Pror = 0.04).
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Figure 5-8 Association between 149 individual metabolites and natural log transformed
baseline uACR in the ET2DS (n= 1,058).

Red dashed line represents multiple testing corrected significant level, metabolites above it
were significant at Pror<0.05. A: Model 1 (age and sex-adjusted model); B: Full model
(adjusted for age, sex, diabetes control, baseline eGFR, hypertension status, CVD status, BMI,
ever-smoker status and HbA1c).

Baseline albuminuria status

There were 32 metabolites that showed significant associations with
albuminuria status at baseline in age and sex adjusted model, (Pror <0.05)
(Figure 5-8A, appendix B Table S5-6). The majority of metabolites belonged to
HDL subclass and all had OR below 1, suggesting HDL was associated with
lower risk of albuminuria (OR range 0.67 (95% CI 0.57, 0.78), Pror =1.57*10°
to OR 0.82 (95% CI 0.71, 0.95) Pror= 0.03). Amino acid tyrosine (OR 0.77,
(95% CI 0.65, 0.89), Prpr=0.007) and glycoprotein acetyls (OR 1.38, (95% ClI
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1.19, 1.61), Pror=0.0003) demonstrated significant associations in the same
direction as for baseline uACR levels. However, after adjustment for a full list
of CKD risk factors, none of the metabolites remained significant (Figure 5-8B).
Although tyrosine remained nominally significant with similar effect size (OR
0.75, (95% CI 0.62, 0.89), P=0.001) along some HDL particles that showed
comparable effect size and direction as in model 1 (OR range 0.80 (95% CI
0.66, 0.96), P=0.02 to 0.83 (95% CI1 0.70, 0.99) P= 0.05).
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Figure 5-9 Association between 149 individual metabolites and baseline albuminuria
status in the ET2DS (n= 1,058).

Red dashed line represents significance level, metabolites above it were significant at
Pror<0.05. A: Model 1 (age and sex-adjusted model); B: Full model (adjusted for age, sex,
diabetes control, eGFR, hypertension status, CVD status, BMI, ever-smoker status and
HbA1c).
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5.2.5 LASSO analysis of urinary kidney function markers at baseline
In the complementary LASSO analysis, five metabolites were selected in
association with baseline uUACR on top of age and sex (Table 5-5). As expected,
the model selected a sparse panel of uncorrelated metabolites (Figure 5-9).
Amino acid tyrosine and inflammation-related glycoprotein acetyls showed a
stable association in both, LASSO and traditional regression analysis (Figure
5-10).

Table 5-5 Metabolites selected in LASSO regression for baseline uACR.

Metabolite Beta coefficient
Medium HDL free cholesterol -0.07
Glycerol 0.06
Tyrosine -0.18
Creatinine 0.19
Glycoprotein acetyls 0.33

Note: Model was adjusted for age and sex. Abbreviations: HDL, high density lipoprotein
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Figure 5-10 Correlational heatmap between the metabolites selected by the LASSO
regression model for baseline uACR in the ET2DS (n= 1,058).

Red and blue colours indicate positive and negative direction of correlation, respectively and
colour intensity is relative to the strength of coefficient. Abbreviations: Tyr, tyrosine; Free
cholesterol in medium HDL; Gp, glycoprotein acetyls; Crea, creatinine; Glol, glycerol.

132



uACR- LASSO

Figure 5-11 Venn diagram showing the overlap between metabolites associated with
baseline uACR and those selected by the LASSO linear regression model in the ET2DS
(n=1,058).

Abbreviations: + positive direction of association; - negative direction of association UACR,
urinary albumin to creatinine ratio; Tyr, tyrosine; Free cholesterol in medium HDL; Gp,
glycoprotein acetyls; Crea, creatinine; Glol, glycerol

5.3 Prospective analyses of incident CKD metabolomic profiles in
ET2DS

5.3.1 Missing data and included participants

The total number of participants included in each analysis and by outcome, is
presented in table 5-6, along with reasons for excluding subjects from each
analysis. There were 19 participants who had less than two follow-up eGFR
measurements (deemed as insufficient) and/or were missing metabolomics
data, thus got excluded from the prospective analysis concerned with incident
CKD. In addition, 216 participants were excluded from this analysis as they had
evidence of CKD at baseline based on persistently reduced eGFR at baseline
and historically. In total, 831 participants were included in the prospective
analysis of metabolomic markers of incident CKD. For the sensitivity analysis,
in which those with albuminuria and/or CKD at baseline (n=374) as well as
those with baseline eGFR <60 ml min~" (1.73 m)~2 (n=5) were excluded, a total
of 694 participants remained for the sub-population analysis. For the annual
rate of change in eGFR as percentage based on the estimate from eGFR slope,
30 participants were excluded due to not having any metabolomics data and/or

having less than three eGFR measurements during the follow-up time of at least
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one year. In total, leaving 1,036 participants with sufficient follow-up data for

this prospective analysis.

Table 5-6 Summary of number of participants included in the analysis for different kidney
function measures in the ET2DS.

Trait Included Missing Reason missing data/ exclusion from
subjects N (%) analysis

Annual rate of 1036 30 (2.8) 30 insufficient number of FU eGFR records

change in eGFR % and/or missing metabolomics data

Rapid decliner " 1036 30 (2.8) 30 insufficient number of FU eGFR records

and/or missing metabolomics data

Incident CKD™ 831 19 (1.8) 216 excluded due to evidence of CKD at
BL; 18 insufficient FU data; one missing
metabolomics data.

Incident CKD"™ 694 20 (1.9) 347 excluded due to evidence of CKD
and/or albuminuria; five excluded due to
having eGFR below 60 ml min~' (1.73 m)%;
18 insufficient FU data; two missing
metabolomics data

Notes: *1 Rapid decliner- participants with annual decline of 5% in eGFR; *2 Incident CKD-
participants with no evidence of CKD at baseline based on historical and baseline eGFR; *3
Incident CKD- participants with no evidence of CKD and/or albuminuria at baseline and
excluding anyone with baseline eGFR < 60 ml min-' (1.73 m)-2. Abbreviations: BL, baseline,
CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate; ET2DS, Edinburgh
Type 2 Diabetes Study; FU, follow-up; uACR, urinary albumin to creatinine ratio.

5.3.2 Description of longitudinal kidney function measures

The distribution of longitudinal kidney function measures is summarised in table
5-8. Of 831 CKD-free participants with longitudinal eGFR data and metabolomic
profiles, 155 (18.7%) participants developed incident CKD during the median
follow-up of 6.7 years [IQR 6.4, 7.1]. When participants who had albuminuria
as well as baseline CKD (N=347) or a single measure of eGFR below 60 ml
min~" (1.73 m)™2 at baseline (n=5) were excluded, 16.9 % (N=117) of the
remaining individuals (n=694) experienced incident CKD during the follow-up.
The annual rate of change in eGFR as a percentage showed approximately
normal distribution with an average of -1.2 % (SD 4.4) in 1,036 participants
(Figure 5-11, Table 5-7). When the eGFR slope was dichotomised, 157 (15%)
were classed as rapid decliners, having an annual rate of eGFR change of at
least -5% (Table 5-7).
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Table 5-7 Summary of longitudinal kidney function outcomes in ET2DS.

Trait Included N (%) / Mean, SD
participants

Incident CKD ™ 831 155 (18.7)

Incident CKD ™2 694 117 (16.9)

Rapid decliner " 1,036 157 (14.8)

Annual rate of change in eGFR % 1,036 -1.25, SD=4.44

Notes: "' CKD - participants with no evidence of CKD at baseline based on baseline and
historical eGFR measurements, n=831; 2 CKD- participants with no evidence of CKD at
baseline based on baseline and historical eGFR measurements and/or albuminuria status,
n=694. ® Rapid decliner- participants with annual decline in eGFR of 5% or more, n=1036.
Abbreviations: CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate; N,
number.
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Figure 5-12 Distribution of annual change in eGFR as percentage.

5.3.3 Metabolomic profiles of longitudinal kidney function measures
After adjustment for multiple testing correction none of the metabolites were

significantly associated with incident CKD. There were 16 metabolites
associated with incident CKD at nominal significance level in baseline eGFR,
age and sex-adjusted model (P<0.05, Figure 5-12A, appendix B Table S5-7).
Of these, isoleucine, glucose, total cholines and ApoA1 also demonstrated
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significant associations with baseline kidney function (CKD and/or eGFR) with
comparable magnitude and direction of effect. Conversely, in the full model the
metabolites that showed nominal association (Figure 5-12B, appendix B Table
S5-7) were not significantly associated with baseline kidney function, except for
creatinine, which was expected and amino acid phenylalanine, where there was

an apparent opposing direction of effect.
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Figure 5-13 Association between 149 individual metabolites and incident CKD in the
ET2DS (n= 831).

Metabolites above threshold (red dashed line) showed nominally significant association
Pror<0.05. A: Model 1 (adjusted for age and sex and eGFR).B: Full model (adjusted for age,
sex, diabetes control, baseline eGFR, hypertension status, CVD status, BMI, ever-smoker
status and HbA1c).

Sensitivity analysis of sub-population which only included participants without
any evidence of persistently reduced eGFR and/or albuminuria revealed 21
nominally significant metabolites in association with incident CKD after
adjustment for all CKD risk factors (appendix B table S5-8). The majority of
metabolites belonged to intermediate density lipoproteins (IDL) and low-density
lipoproteins (LDL), all of which were associated with lower risk of incident CKD.
While, isoleucine (OR 1.31 (95% CI 1.03, 1.68) P= 0.03) was the only

metabolite that showed positive direction of effect. This was in agreement with
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findings from baseline CKD analysis where isoleucine showed OR 1.31 (95%
Cl 1.10, 1.57, Pror= 0.0006).

Some lipid traits in medium HDL metabolites, glucose and total
phosphoglycerides showed marginally non-significant positive association with
annual rate of change in eGFR as a percentage (Pror = 0.055) in the eGFR,
age and sex-adjusted model (appendix B table S5-9), which suggested
potential association with slower rate of decline i.e., more stable kidney
function. Amino acid valine, showed marginally non-significant (Pror = 0.055)
inverse association with this outcome, which indicated potential relationship
with faster rate of kidney function decline. Nonetheless, similarly as with
incident CKD, after adjustment for CKD risk factors, metabolites were only
associated at nominal significance level (Figure 5-13, appendix B Table S5-9).
A third of these nominal associations (four of 12) were found with HDL subclass,

which were associated with slower rate of decline.
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Figure 5-14Association between 149 individual metabolites and annual rate of change
in eGFR % in the ET2DS (n= 1,036).

Metabolites above threshold (red dashed line) showed nominally significant association
Prpor<0.05. A: Model 1, adjusted for age and sex and eGFR. B: Full model, adjusted for age,
sex, diabetes control, baseline eGFR, hypertension status, CVD status, BMI, ever-smoker
status and HbA1c.
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Rapid decliners demonstrated a significant association with glucose after
adjustment for eGFR age and sex (OR 1.37, (95% CI 1.16, 1.62), Prpr = 0.03),
which indicated that higher serum glucose levels increased the risk of having
rapid decline in kidney function. Additionally, the results also demonstrated
marginally non-significant associations with some lipid traits in medium HDL
subclass (OR 0.76 (95% CI 0.64, 0.90), Pror = 0.057) (appendix B Table S5-
10), which suggested that HDL may have some protective effects against the
risk of having rapid kidney function decline. At nominal significance level (P<
0.05) there were 20 associations with rapid decliner status after adjusting for
eGFR, age and sex (Figure 5-13A). These associations reflected those found
in the analysis of annual rate of change in eGFR as well as the findings in terms
of metabolites significantly associated with baseline kidney function. After
adjustment for CKD risk factors, the associations with metabolites from medium
HDL were attenuated and the association with glucose was only at nominal
significance level (Figure 5-14, appendix B Table S5-10). Nonetheless, the

associations remained comparable in terms of effect direction and magnitude.
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Figure 5-15 Association between 149 individual metabolites and decliner status (eGFR
slope < -5%) in the ET2DS (n= 1,036).

Metabolites above threshold (red dashed line) showed nominally significant association
Pror<0.05. A: Model 1, adjusted for age and sex and eGFR). B: Full model, adjusted for age,
sex, diabetes control, baseline eGFR, hypertension status, CVD status, BMI, ever-smoker
status and HbA1c.
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5.4 Metabolites consistently associated with cross-sectional and
prospective outcome

The metabolites that showed some consistency in their association with both
cross-sectional and prospective outcomes, were isoleucine, total choline,
glucose and apolipoprotein ApoA1 (Figure 5-15). The associations were
significantly associated with baseline CKD and/or baseline eGFR (Prpr <0.05)
even after adjustment for all CKD risk factors and multiple testing correction.
Moreover, isoleucine was selected in the LASSO regression for baseline eGFR
and in sensitivity analysis of CKD-free and albuminuria-free subpopulation, it
showed a nominally significant association even after adjustment for all CKD
risk factors. While the associations with prospective outcomes were only at
nominal significance level (P <0.05) and were attenuated after adjustment for
the full list of covariates (Full model), the direction and magnitude of
associations remained stable. Interestingly, higher glucose levels were
associated with higher baseline renal function and also with faster subsequent
fall in eGFR.
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Figure 5-16 The key metabolites that showed stable associations with both cross-
sectional and prospective outcomes.

A: associations with baseline eGFR (Prpr<0.05, N=1058); B: associations with baseline CKD
(P<0.05, N=1,058, events N=216); C: associations with incident CKD (P<0.05, N=831, events
N=156); D: associations with rapid decliner (Pror<0.05, N=1,036, CKD cases=157); E:
associations with annual rate of eGFR change % (Prpr<0.05, N=1,036). Model 1: adjusted for
age, sex (and eGFR for longitudinal outcomes); Model 2: adjusted for Model 1 + diabetes
control, hypertension status, CVD status, BMI, ever-smoker status and HbA1c. Abbreviations:
ApoA1, apolipoprotein A1; CKD, chronic kidney disease, eGFR, estimated glomerular filtration
rate; Glc, glucose, lle, Isoleucine, TotCho, total cholines.

5.5 Summary of findings for metabolomic association analyses

In this chapter, | explored the associations between a wide range of serum
metabolites and kidney function-related outcomes in older Scottish individuals
with type 2 diabetes (T2DM). Baseline kidney function, measured by eGFR,
revealed numerous associations with circulating metabolites, extending beyond
traditional panels. Of the 88 significant findings (Prpr<0.05), the majority were
linked to subgroups of VLDL and HDL, encompassing various sizes and lipid
compounds, such as cholesterol, triglycerides, and phospholipids. Notably,

three metabolites- isoleucine, ApoA1, and total cholines, were associated with
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both baseline chronic kidney disease (CKD) and longitudinal outcomes.
However, after adjusting for multiple testing and known CKD risk factors, none
of these associations remained statistically significant for prospective
outcomes. This suggests that the metabolites in this panel do not provide
insight into potential causal pathways for CKD development. These findings are
consistent with previous studies that reported similar associations with baseline
eGFR (>100), but no significant associations with future outcomes (Tofte et al.,
2020, Barrios et al., 2018, Aguilar-Ramirez et al., 2021).

In contrast to baseline eGFR, only two metabolites, namely tyrosine and
inflammation-related glycoprotein acetyls, showed significant associations with
baseline UACR (Prpbr<0.05). Since uACR is a urinary biomarker, fewer
correlations with circulating serum metabolites were anticipated compared to
eGFR, a blood serum-based biomarker. This aligns with previous studies on
metabolomic associations with uUACR, which also found fewer significant results
(Tofte et al., 2019b, Tofte et al., 2020), but this may also be a results of smaller

sample sizes available for albuminuria data.
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Chapter 6. Results Il: Incremental values of
combining metabolites and traditional risk
factors for predicting CKD in Type 2

Diabetes
This chapter presents the results of analyses exploring the value of adding

metabolites to traditional risk factors for predicting the onset of chronic kidney
disease (CKD) in people diagnosed with type 2 diabetes mellitus (T2DM).
Firstly, to justify my subsequent decision on which existing risk prediction model
to use as the reference model for my thesis, | present the predictive
performance of the "best-performing model" (Nelson et al., 2019) in the T2DM
population, according to a recent review (Slieker et al., 2021). In addition, |
present the performance of two simpler risk prediction equations used for
comparison. Then, the principal results of this chapter consist of the
assessment of the reference risk prediction model re-fitted in the CKD-free
ET2DS sub-population, followed by the development of a metabolite-based risk
score (MetS). A thorough evaluation of the added value of combining the MetS
with the traditional risk factors for predicting the 5-year risk of CKD in the ET2DS

is also presented.

6.1 Risk prediction model validation in ET2DS

6.1.1 Choosing a suitable risk prediction model for validation

A recent systematic review and validation study suggested that the risk
prediction model developed by Nelson et al. (2019) showed the best
performance in predicting the risk of incident CKD in T2DM subjects (Slieker et
al., 2021). Furthermore, this model (Nelson et al., 2019) consists of variables
available in the ET2DS, and the outcome of CKD onset was applicable to study
in this cohort, as there was a sufficient number of incident outcomes. The
publication included a replicable equation that comprises the full linear predictor
(i.e., beta coefficients for predictors and baseline hazard for predicting
incidence within 5 years), allowing for model validation rather than re-fitting
(Moons et al., 2012a). In light of this, | selected the risk prediction model
developed by Nelson et al. (2019), as the reference risk prediction model, for
evaluation in the ET2DS as the primary choice (described in Chapter 1, section
1.5.3).
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6.1.2 Description of included participants

The baseline characteristics for all included participants and for those who did
and did not experience incident CKD separately are summarised in Table 6-1.
A total of 696 participants were included based on the criteria that they did not
have baseline CKD in terms of eGFR and/or albuminuria and were followed for
at least one year (N=347 were excluded as per definition of CKD detailed in
Chapter 4 section 4.1.6; additional five participants were excluded as they had
eGFR <60 mL min' (1.73m)*? based on a single measurement at baseline and
N=18 were excluded due to insufficient follow-up duration). Among these
participants, 118 subjects experienced incident CKD over a median follow-up
time of 7.8 years (IQR 6.4, 7.1) and 106 subjects experienced incident CKD
within 5-years. Overall, participants with incident CKD status were older, had
lower eGFR at baseline, higher HbA1c levels, and a greater prevalence of CVD.

Additionally, a larger proportion used medication for diabetes control.

Table 6-1 Summary of CKD risk factors in all ET2DS participants without CKD at
baseline, sub-divided according to whether they developed CKD during follow-up.

Mean, SD / Median (IQR) / N (%) P-value
Renal Function Decline No (578) Yes (118) All (696)
eGFR (mimin/1.73m?) 525 IASALP oA < 0.001
Age (years) 252 06 2oe .65 25ea 08 < 0.001
UACR (mg/g) (82.’.5284—36.33) ?2'?755- 271.76) ?2'?224- 271.76) 0004
HbA1c (%) 7.7,SD=1.05 7.54 SD=1.03 7.31,SD=1.05 0.011
BMI (kg/m?) S 50 SD= .46 S .49 0.268
Male 207 (51.4%) 52 (44.1%) 349 (50.1%)
Female 281 (48.6%)  66(55.9%) 347 (49.9%) o147
Smoker (ever) 338 (58.5%) 68 (57.6%) 406 (58.3%)  0.864
Prevalent CVD 152 (26.3%) 46 (39.0%) 198 (28.4%)  0.005
Hypertension 446 (77.2%)  99(83.9%)  545(78.3%)  0.106
Diet only 148 (25.6%) 11 (9.3%) 159 (22.8%)
Tablets only 357 (61.8%) 90 (76.3%) 447 (64.2%)  <0.001
Insulin 73(12.6%) 17 (14.4%) 90 (12.9%)

Abbreviations: BMI, body mass index; CVD, cardiovascular disease; eGFR, estimated
glomerular filtration rate; uACR, urinary albumin to creatinine ratio.
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6.1.3 Predictive performance of the reference model

The reference risk prediction model (Nelson et al., 2019) included age, sex,
baseline eGFR, history of CVD, HbA1c, hypertension status, diabetes mellitus
medication use, smoking history, BMI and uACR as predictors (see section
4.2.2.3 Box 4-1 for detailed equation). The 5-year absolute risk of incident CKD
was calculated using the published equation for the reference risk prediction
model (Nelson et al., 2019). The discrimination, based on Harrell’'s C-statistic
was 0.78 (95% CI 0.74, 0.82), which indicates relatively good ability in

distinguishing those who experienced incident CKD from those who did not.

The calibration slope was 1.23 (the ideal value is 1, indicating perfect
calibration). A slope greater than 1 suggests that the reference model is under-
fitted, meaning the distribution of the predicted probabilities is somewhat too
narrow and does not vary enough. The calibration plot (Figure 6-1.) compares
the observed survival probability to the expected survival probability based on
the reference risk prediction model equation, with the risk groups divided into
groups by decile of risk (10 groups, 9 cut points). The plot shows that all of the
points lie above the reference line, indicating poor calibration, with the reference
risk prediction model consistently underestimating the event-free probability
(i.e., being CKD-free at 5 years). The predictions cover a fairly wide range of
probabilities, spanning approximately from 0.3 to 0.9. The majority of
probabilities were clustered in the higher probability of being event-free, which
reflects the fact that a large proportion of included participants did not
experience CKD onset during the 5 years of follow-up. For a more intuitive
graphical representation, Figure 6-2 presents the predicted versus observed
risk divided by tertile, providing further evidence that the reference model over-

predicted risk across all categories.
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Figure 6-1 Calibration plot summarising the performance of the reference
model for survival probability over 5 years, based on the risk prediction
equation developed by Nelson et al. (2019). The risk groups divided into groups
by decile of risk. The histogram on top of the graph shows the distribution of
predicted values, which shows the spread of risk in the dataset. Solid line is a
smoothed non-linear curve generated using predicted probabilities.
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Figure 6-2 Predicted and observed 5-year CKD risk by tertile of risk estimated by the
reference risk prediction model.
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6.1.4 Reference model versus other risk prediction models

A simpler risk prediction model developed by Chien et al. (2010) (referred to as
the Chien equation) was used for comparison with the reference model. The
Chien equation included age, diabetes status, history of stroke, BMI and
diastolic blood pressure as predictors (for full equation refer to Box 4-2 in
Chapter 4, section 4.2.2.3). Harrell's C-statistic for Chien equation was 0.62
(95% CI10.55, 0.68), suggesting that the discrimination ability for incident cases
and non-cases was poor, as it was relatively close to 0.5 (which indicates that
the model is no better than chance at making a prediction). The calibration plot
(Figure 6-3) showed a narrow range of predicted survival (mainly between 0.6-
0.8) and poor fit, with the Chien model consistently underestimating survival
probability. This was further confirmed in the predicted versus observed risk
tertile in Figure 6-4, which showed that Chien equation over-predicted the risk

of an event across all groups.
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Figure 6-3 Calibration plot summarising the performance of the Chien equation for
survival probability during the 4 years (Chien et al. 2010). The risk groups divided into
groups by decile of risk. The histogram (top) shows the distribution of predicted values, which
indicates the spread of risk in the dataset. Solid line is a smoothed non-linear curve generated
using predicted probabilities.
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Chien model validation in the ET2DS
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Figure 6-4 Predicted and observed 4-year CKD risk by tertile estimated by the reference
risk prediction model.

In addition, Chien at al. (2010) developed a point system for simplified risk
prediction: age = 65 (8 points), BMI = 26 (2 points), diastolic blood pressure =
80 mmHg (2 points), history of T2DM (1 point) and history of stroke (4 points).
In the ET2DS, on average, patients scored 11 £ 2 points. The receiver operating
curve (ROC) was 0.57 (95% CI, 0.52-0.62), which was similar to the
discrimination power achieved using coefficient estimates. The best threshold
on the ET2DS dataset, calculated using the Youden’s index method (Youden,
1950), was 10.5, which is much higher than the threshold of 7 proposed in the
model development study (Chien et al., 2010). This provides further evidence
of poor calibration of the Chien model and poor risk prediction performance in
the ET2DS.

The second comparison was made with the O’Seaghdha equation
(O'Seaghdha et al., 2012). This O’'Seaghdha equation included age, eGFR,
UACR, diabetes status and hypertension status as predictors (for full equation
refer to Box 4-3 in Chapter 4, section 4.2.2.3). The c-statistic, based on the
AUC, was 0.71 (95% CI 0.66, 0.76), which suggested that the performance of
the model in terms of discrimination ability was acceptable and better compared
to Chien equation. The observed over expected risk was 0.62, indicating that
the observed probability of incident CKD was 38% lower than the expected

proportion. The 0O’Seaghdha model underestimated number of events
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compared to what was observed in the CKD-free sub-population of ET2DS,

which is also illustrated in the calibration plot (Figure 6-5).
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Figure 6-5 Calibration plot of observed risk probabilities and expected risk probabilities
calculated in ET2DS based on O’Seaghdha equation. The risk groups divided into
groups by decile of risk. The histogram on top of the graph shows the distribution of predicted
values, which shows the spread of risk in the dataset. Solid blue line is a smoothed non-linear
curve generated using LOESS smoother of predicted probabilities.

6.1.5 Comparison of the reference model vs other risk prediction

models
In terms of discrimination, the equation from the reference model demonstrated
the best performance with a c-statistic of 0.78, outperforming the other two
equations. Calibration for each of the three equations was assessed using the
Brier score (Brier, 1950), where the lowest score suggests best calibration. The
Brier scores were 0.11, 0.12 and 0.16 for the reference risk prediction model,
Chien model and O’'Seaghdha model, respectively, which indicated that the
Nelson equation had the best calibration. Overall, the discrimination and
calibration statistics suggests that the reference risk prediction model (Nelson
et al., 2019) outperformed the simpler equations in predicting the risk of incident
CKD in ET2DS, which provides sufficient evidence in support of choosing this

as the reference model.
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6.2 Metabolites-based risk score development
This section describes the metabolites selected as the components of the
metabolites-based risk score (MetS), followed by its addition to the reference

model (i.e., the refitted risk prediction model developed by Nelson et al. (2019)).

6.2.1 Missing data and incidence of CKD

There were 676 ET2DS participants included in the prospective analysis
concerning the development of the metabolites-based risk score (MetS) and its
subsequent addition to the reference risk prediction model of established CKD
risk factors and the development of the updated risk prediction model.
Originally, there were 696 participants with baseline eGFR >60 ml min™’
(1.73m)2 who were CKD-free and had sufficient data, as detailed in the
previous section (section 6.1.2). However, 18 participants were excluded due
to missing data in metabolite variables (as described in section 4.1.8). Among
the included participants, 115 experienced incident CKD during the median
follow-up of 6.8 (IQR, 0.9, 8.1) years, of which 102 experienced incident CKD

within 5 years of follow-up.

6.2.2 Development of metabolites-based risk score

In the Cox LASSO analysis undertaken to select an optimal small group of
metabolites for CKD risk prediction, each single repetition identified a group of
metabolites with numbers ranging from 6 to 25. The large range in variation
reflects some instability in the modelling. Overall, 27 metabolites (mainly
subclasses of lipoproteins, amino acids, and ketone bodies) were identified
after 100 repetitions as being associated with 5-year risk of incident CKD in at
least one repetition of the analysis. The frequency of inclusion of each of these
27 selected metabolites in the analysis is shown in Table 6-2. A distinct
‘frequency threshold’ emerged around the frequency of 72, after which a
sudden drop in number of times particular metabolites was selected (Methods
chapter 4, section 4.2.2.2). As a result, 18 metabolites with frequencies
exceeding 72 in the 100 repetitions were considered as the final components
of MetS. Notably, the selection predominantly consisted of lipoprotein
subclasses (HDL, LDL and VLDL), ketone bodies, amino acids, fatty acids, and

metabolites related to glycolysis and inflammation.
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Table 6-2 Frequency of the 27 selected metabolites in 100 repeats of Cox LASSO (n=676).

Metabolite Subclass Frequency

Acetate Ketone bodies 95
3-hydroxybutyrate Ketone bodies 95
Glycine Amino acids 95
Isoleucine Amino acids 95
Phospholipids to total lipids ratio in large VLDL VLDL 95
Citrate Glycolysis 94
Lactate Glycolysis 94
Triglycerides to total lipids ratio in large HDL HDL 93
18-2, Linoleic acid Fatty acids 93
Free cholesterol to total lipids ratio in very small VLDL VLDL 93
Cholesterol esters to total lipids ratio in large LDL LDL 88
Glutamine Amino acids 87
Triglycerides to total lipids ratio in medium LDL LDL 87
Triglycerides in very large HDL HDL 87
Glycoprotein acetyls Inflammation 72
Cholesterol esters to total lipids ratio in small LDL LDL 72
Free cholesterol to total lipids ratio in very large VLDL VLDL 72
Cholesterol esters in very small VLDL VLDL 72
Ratio of 22:6 docosahexaenoic acid to total fatty acids Fatty acids 40
Albumin Fluid balance 26
LDL particles Mean diameter 26
Cholesterol esters to total lipids ratio in very large HDL HDL 26
Total cholesterol to total lipids ratio in very small VLDL VLDL 26
Triglycerides to total lipids ratio in large LDL LDL 23
Omega-3 fatty acids Fatty acids 1
Glucose Glycolysis 1
Leucine Amino acids 1

Abbreviations: HDL, high density lipoprotein; IDL, intermediate density lipoprotein; LDL low
density lipoprotein; VLDL, very-low density lipoprotein.

6.2.3 Sensitivity analysis

In order to maintain consistency with the approach | used for handling missing
metabolite measurements throughout my thesis, | refrained from applying
imputation to metabolite measurements before constructing the MetS in the
principal analysis of this chapter. Consequently, 18 participants with missing
metabolite data were excluded. Although theoretically, excluding only a small
number of individuals (N=18) before constructing the MetS is unlikely to have a
major impact on the final results, | conducted a sensitivity analysis. In this
analysis, missing measurements for those metabolites underwent imputation

using a single imputation strategy that was employed for handling missing data
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in variables related to CKD risk factors (as described in the Methods chapter,
section 4.1.7). Following the same selection criteria applied in the principal
analysis (i.e., frequency >72%), 13 metabolites met this threshold and all were

selected as the MetS components in the main analysis.

Overall, the sensitivity analysis showed that imputation had some impact on the
selection of metabolite components for MetS as the sensitivity analysis left out
five metabolites that were present in the main analysis. Considering that the
difference between sensitivity and the main analysis is additional 18
participants (only three of which were incident CKD cases) it was not expected
to have any effect on the selection of MetS components. Nonetheless, despite
five metabolites not getting selected for MetS in the sensitivity analysis, four of
these still appeared to be selected by some LASSO iterations in the sensitivity
analysis. However, they have not met the frequency threshold, which included
glutamine (selected in 48 iterations), glycoprotein acetyls (selected in 48
iterations), triglycerides to total lipids ratio in medium LDL (selected in 19

iterations) and cholesterol esters in very small VLDL (selected in 19 iterations).

6.2.4 Performance of the metabolite-based risk score

Hazard ratios (HRs) for all 18 selected metabolites in the unpenalized and
unadjusted Cox model are displayed in Figure 6-6. The HRs for seven of the
metabolites were below one, suggesting that these metabolites may have an
inverse association with incident CKD. Specifically, glycolysis-related
metabolite lactate (HR [95% CI] 0.66 [0.51, 0.84]), fatty acid called linoleic acid
(0.72 [0.56, 0.94]), and the amino acid glutamine (HR 0.76 [0.60, 0.97])
demonstrated a significant association with incident CKD (P<0.05). The
remaining 11 metabolites showed HRs above one, suggesting a positive
association with incident CKD. Among these, four metabolites exhibited a
statistically significant association with incident CKD, including amino acids
isoleucine (HR 1.53, [95% CI 1.13, 2.07]) and glycine (1.28 [1.04, 1.57]),
lipoprotein subclass free cholesterol to total lipids ratio in very small VLDL (1.74
[1.28, 2.36]), and ketone body 3-hydroxybutyrate (1.32 [1.06, 1.64]); all
P<0.05). The distribution of MetS, which combines the linear part of the
predictor from the Cox LASSO (as described in Chapter 4, section 4.2.2.2) for
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the 18 selected metabolites and metabolite ratios is shown in Figure 6-7. The
mean of the MetS was 0.0 (SD= 0.94), with the minimum and maximum values
of -3.44 and +2.43, respectively. The distribution of the MetS appeared to be

approximately normal.
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Figure 6-6 Association between 18 selected individual metabolites and 5-year risk of
incident CKD in the unpenalized and un-adjusted Cox model (n=676).

Abbreviations: Cl, confidence interval; HDL, High density lipoprotein; LDL, Low density
lipoprotein; VLDL, very low-density lipoprotein.

Histogram of MetS distribution

Frequency
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Figure 6-7 Distribution of the metabolites-based risk score (MetS) in the ET2DS. (N=676).
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The metabolites-based risk score, when adjusted for baseline eGFR (with linear
splines at 90 mL min-'1.73 m2, per -5 mL, for details see table 4-3 in Chapter
4, section 4.2.2.1), exhibited a strong positive association with the risk of
incident CKD (HR 2.52, [95% CI 1.98, 3.19], P=3.25*10"4). Even after being
added to the reference model, the association with the risk of the outcome
remained strong (HR 2.21, [1.71, 2.84], P=8.62*10""°). The associations
between individual components of the reference model and incident CKD, both
before and after the addition of MetS, are shown in Table 6-3. Older age,
declining eGFR, increasing UACR, and the use of diabetes tablets alone and/or
with insulin were significant predictors in both the reference model and the
updated model (reference model plus MetS). After adding MetS as a predictor,
all the predictors remained significant with similar HR values. The only
exception was for UACR, where the addition of MetS resulted in reduced effect
size, rendering UACR as a non-significant predictor. Correlations of MetS and
its constituent metabolites with traditional CKD risk factors used as predictors
are displayed in Figure 6-8. The correlations ranged from weak to moderate,
with values between -0.27 to +0.21. The strongest correlation was found

between the amino acid glutamine and HbA1c.

Table 6-3 Association of individual kidney decline risk factors and the MetS with incident
CKD in the ET2DS (N=676).

Reference model Updated model

HR 95% CI P HR 95% CI P
Age (per 5 years) 144 111 1.86 0.006* 1.39 1.07 180 0.013%
Female sex 1.20 0.77 1.89 0.418 1.01 065 159 0.952

eGFR (60-90 per-56mL) 1.31 1.16 148 1.69e-5* 127 112 1.44 0.0002*

eGFR (290 per -5 mL) 1.06 1.02 1.09 0.003* 1.056 1.02 1.09 0.005*

HbA1c (per 1%) 110 084 1.44 0.48 1.08 082 143 0.58

BMI (per 5 units, kgm?2) 112 094 1.35 0.21 1.10 092 133 0.30
Smoker- ever 040 0.03 542 0.49 041 0.03 595 0.51
Hypertension status 090 053 1.55 0.71 0.88 0.51 1.52 0.65
Prevalent CVD 142 093 2.18 0.10 140 092 214 0.12
UACR (log1o) 154 1.03 228 0.03* 1.38 095 2.01 0.09
Diabetes tablets vs diet 3.68 176 7.73 0.001* 268 127 565 0.01*
Insulin vs diet 523 210 13.06 0.001* 3.02 118 7.74 0.02*
Smoker: Age 1.14 081 1.60 0.47 114 080 1.62 048
MetS 221 171 284 8.61E-10*

*p-value < 0.05; HR, Hazzard ration, MetS- metabolites based risk score, BMI, body mass
index, UACR, urinary albumin to creatinine ratio, CVD, cardiovascular disease, up.CI- upper
confidence interval, p, p-value; HbA1c- glycated haemoglobin.
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Figure 6-8 Correlations of the MetS and its 18 constitutive metabolites with individual
CKOD risk factors in the reference model (N=676).

Notes: The darker the colour, the stronger the correlations. Abbreviations: BMI, body mass
index; HbA1c, glycosylated haemoglobin; HDL, High density lipoprotein; eGFR, estimated
glomerular filtration rate; LDL, Low density lipoprotein; MetS, metabolites-based risk score;
UACR (log), log transformed urinary albumin to creatinine ratio; VLDL, very low-density
lipoprotein.

6.3 Assessment for the updated risk prediction model: combining the
MetS and the reference model

6.3.1 Discrimination

When the MetS was added to the reference model (referred to as updated risk
prediction model), the discriminative ability as indicated by concordance
statistic (c-statistic) marginally increased from 0.80 [95% CI (0.76, 0.84)] to 0.84
[0.80, 0.87] (Table 6-4.). The internal validation method using 500-time
bootstrapping was used to adjust for optimism in predictions, which resulted in
slightly reduced c-statistics. The optimism-adjusted c-statistic for the updated
model was 0.82 [0.78, 0.85], which remained higher compared to the reference
model, which showed an optimism-adjusted c-statistic of 0.78 [0.740, 0.82].
Furthermore, when MetS was added to baseline eGFR in a standalone model,
the discrimination performance was slightly better than the reference model,
with a modest improvement in optimism-adjusted c-statistic from 0.78 [0.740,
0.82] in the reference model to 0.81 [0.78, 0.85] in the MetS plus eGFR model.
Notably, there is a lot of overlap between the 95% CI, so the improvement is

not substantial, but positive nonetheless.
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Table 6-4 Metrics of predictive performance of the reference model and its combination
with the MetS for 5-year incident CKD risk (N=676).

Metrics Reference model Reference model eGFR plus MetS
plus MetS
C-statistic 0.799 0.837 0.813
[0.760, 0.838] [0.804, 0.871] [0.777, 0.850]
Adjusted 0.777 0.818 0.812
c-statistic * [0.739, 0.816] [0.784, 0.852] [0.775, 0.848]
NRI Ref. 0.612
[0.302, 0.806]
NRI+ Ref. 0.307
[0.133, 0.450]
NRI- Ref. 0.305
[0.158, 0.416]
IDI Ref. 0.064
[0.022, 0.108],
p-value <0.01

Notes: Data presented as estimate (95% confidence interval) and significance value (P-value)
as appropriate. C-statistic was adjusted for optimism using bootstrap method (described in
section 4.2.2.4). Abbreviations: c-statistic, concordance statistic; IDI, integrative discriminatory
index; MetS, metabolites-based risk score; NRI, net reclassification improvement; NRI+, net
reclassification improvement for events, NRI-, net reclassification improvement for non-events.

As illustrated below in Figure 6-9 (top panel reference model, middle panel-
updated model), the discrimination between the 15t and 2" tertile was poor, as
indicated by the small gap between the risk groups in both models. On the other
hand, the discrimination between risk groups 2 and 3 was very good in both the
reference and updated model. The addition of MetS to the reference model
improved the separation between higher risk groups very slightly. The
standalone model (MetS plus baseline eGFR, figure 6-9, bottom panel) showed
similar gaps between the risk groups as in the reference model indicating

similar discrimination performance (Figure 6-9).
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Figure 6-9 Kaplan-Meir survival estimates for analysis time in years (N=676). Panel
A: CKD-free survival stratified by tertile in the reference model. Panel B: updated
model (reference model plus the MetS). Panel C MetS plus baseline eGFR.

156



6.3.2 Reclassification

As shown in Table 6-4, the addition of MetS to the reference model resulted in
a continuous net reclassification improvement (NRI) of 0.61 [95% CI 0.302,
0.806]. The NRI is the primary metric and represents the overall improvement
in risk classification after adding the new predictors to the model (the updated
model). It ranges from -2 to 2. A positive NRI indicates an improvement in risk
prediction, while a negative NRI suggests a worsening of prediction. We
demonstrated that after the addition of MetS, the estimated NRI had 95% CI
entirely within the positive region, indicating a significant improvement in risk
classification. The NRI+ represents the improvement in correctly reclassifying
events to higher risk categories. It ranges from 0 to 1, where a higher value
indicates better reclassification. Here, the estimated NRI+ was 0.306 [95% CI
0.133, 0.450], indicating an improvement in correctly reclassifying events to
higher risk categories. The NRI- represents the improvement in correctly
reclassifying non-events to lower risk categories and also ranges from 0 to 1.
In this case, the estimated NRI- is 0.305 [95% CI 0.158, 0.415], indicating an
enhancement in correctly reclassifying non-events to lower risk categories. The
integrative discriminatory index (IDI) of 0.064 (95% CI 0.022, 0.108, p-value
<0.01), which indicated that the gap in risk between those with and without
events is 6.4% wider for the updated risk prediction model over the reference

risk prediction model.

6.3.3 Calibration

Calibration of the reference risk prediction model in the ET2DS is displayed in
Figure 6-10 (top panel), indicating very good agreement between observed and
predicted risk, with only slight differences in the 2™ tertile. Calibration of the
updated risk prediction model in the ET2DS is shown in Figure 6-10 (middle
panel). This was similar to the calibration of the reference model, with almost
perfect agreement between observed and predicted risk across all categories,
but some difference in the highest risk tertile . The calibration for the stand-
alone model (MetS plus eGFR) also showed almost perfect calibration (Figure

6-10, bottom panel).
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Figure 6-10 Predicted and observed 5-year CKD risk by tertile estimated in the
reference model (A), reference model plus MetS (B), and MetS plus baseline

eGFR (C).
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6.4 Summary of key findings from risk prediction study

Several previous studies have developed metabolite-based scores to predict the risk
of incident CKD (Rhee et al., 2013), rapid CKD decline (Nkuipou-Kenfack et al., 2014;
Rhee et al., 2016), and progression to ESRD (Zacharias et al., 2019) in the general
population, as well as CKD progression in people with type 2 diabetes (T2DM) (Solini
et al., 2016). These studies demonstrated improved risk prediction when combining
clinical factors with metabolomic-based scores. However, to date, no studies have
created a multi-metabolite marker score specifically to predict incident CKD in
individuals with T2DM.

The reference risk prediction model, in its original form (using the published equation
by Nelson et al., 2019), showed good predictive performance, excelling in calibration
and discrimination, and outperforming simpler models. As expected, when the model
was refitted using the same components but tailored to the ET2DS population, its
performance improved. To further enhance prediction, eighteen metabolites related to
inflammation, glycolysis, ketone bodies, amino acids, and lipoproteins were selected
to create a metabolite score, referred to as MetS. This score was positively associated
with CKD risk after adjusting for traditional CKD risk factors. Incorporating the MetS
into the reference model led to moderate improvements in predicting 5-year CKD risk
in the ET2DS cohort, particularly in terms of discrimination and reclassification, while
maintaining similar calibration between the models. The positive findings here, not only
warrant external validation in larger independent cohorts, but also provide evidence
that combining metabolomics with more traditional clinical variables may provide

valuable insights into kidney decline.



Chapter 7. Discussion

This final discussion chapter of my thesis includes a brief summary of the main
findings, a comparison of results with previous studies and a discussion of possible
mechanistic explanations for the results. Strengths and limitations of the research are
discussed, including those of the study population, the pros and cons of the statistical
approaches and the methods | used to estimate kidney function from the data
available. The concluding part of the chapter outlines recommendations for the future
direction of research on the topic of improving risk prediction for new-onset kidney

function decline using metabolomic markers.

7.1 Key findings of the research

The metabolomic profiles of kidney function phenotypes were investigated in the
Edinburgh Type 2 Diabetes Study (ET2DS), a cohort of men and women aged 60-75
years with T2DM, in which the prevalence of CKD at baseline was found to be 33%.
Based on both kidney measures, eGFR and uACR, the incidence of CKD in those
people free of disease at baseline was 17% (based on eGFR alone) over a median

follow-up of 7.8 years.

My results on this type 2 diabetes population, revealed cross-sectional associations
between baseline kidney function measured using eGFR and a large number of
circulating metabolites. Among 88 statistically significant findings independent of CKD
risk factors (Prpbr<0.05), very low-density lipoprotein (VLDL) and high-density
lipoprotein (HDL) subgroups, encompassing various lipid compounds, represented the
majority of such associations. In contrast to findings for baseline eGFR, only two
metabolites, namely amino acid tyrosine and inflammation-related glycoprotein
acetyls, were significantly associated with baseline uACR. In addition, the metabolites
selected in the complementary Least Absolute Shrinkage and Selection Operator
(LASSO) analysis overlapped with those that showed statistically significant
association with cross-sectional measures of kidney function. Consistent results
obtained from two different analytical approaches support the robustness of my

findings in relation to baseline kidney measures.

Notably, four metabolites (isoleucine, apolipoprotein-A1, glucose, and total choline)
which showed modest, but statistically significant associations with baseline kidney

function in terms of eGFR, also showed nominally significant association with both
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incident CKD and the rate of kidney function decline during follow-up. Isoleucine
showed an inverse association, while the remaining three metabolites showed positive
associations with baseline eGFR. The direction of effect remained consistent with the
prospective outcomes for all metabolites, except for glucose. Higher levels of ApoA1
and total choline were nominally associated with lower risk of incident CKD, while
higher levels of isoleucine and glucose levels were nominally associated with higher
risk of incident CKD. However, these associations became weaker and lost statistical
significance for prospective outcomes after adjustment for CKD risk factors and

multiple testing correction.

Considering that none of the metabolites demonstrated a consistent and statistically
significant association independent of risk factors with both cross-sectional and
prospective outcomes, | did not focus on a particular metabolite for the risk prediction
analysis. Consequently, a deliberate decision was made to collectively consider the
entire panel of additional metabolomic markers, rather than concentrating on one or
two potential metabolomic markers with the strongest associations revealed in the
initial analysis. This approach mitigated the risk of prematurely fixating on any singular
marker, without sufficient evidence in support of the decision. Indeed, lactate was one
of the most frequently selected metabolites in LASSO analyses for incident CKD and
showed relatively strong effect size in the multi-marker metabolomics-based risk score
(MetS), despite its weaker, non-significant association with incident CKD.
Furthermore, when considering the metabolites that were analysed in both, the
association analysis and the risk prediction analysis, only four metabolites were
statistically significantly associated with baseline CKD and also selected for MetS. This
included, glycine, isoleucine, citrate and glycoprotein acetyls all of which showed
consistency in terms of direction of effect, but only for baseline and not prospective
outcomes. Although the underlying biological mechanisms behind this phenomenon
are not understood, the result underscores the importance of this unbiased approach

to investigating high-dimensional metabolomic datasets.

A reference risk prediction model, based on components of the Nelson risk equation
(Nelson et al.,, 2019) demonstrated a good predictive performance in terms of
discrimination for five-year risk of incident CKD in the ET2DS. However, it also
indicated that there is room for improvement. The MetS, incorporated 18 metabolites

related to ketone bodies, amino acids, fatty acids, glycolysis, and lipoproteins.
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Although there were no statistically significant associations between individual
metabolites and prospective outcomes, four of the 18 metabolites selected for MetS
(acetate, 3-hydroxybutyrate, isoleucine, and 18-2 linoleic acid) showed nominally
significant associations with incident CKD independent of age and sex in the prior
analysis. Combining MetS with the reference model resulted in a modest yet
statistically significant improvement in the prediction of five-year incident CKD. This

improvement was observed in terms of discrimination, calibration, and reclassification.

7.2 Strengths and limitations of the research

7.2.1 Completeness and accuracy of data available for analysis

A key advantage of the ET2DS in this research context is that the participants were
well-phenotyped, which provided an extensive array of risk factors and biomarkers for
in-depth analyses. The comprehensive data collected on ET2DS participants enabled
me to align the predictors with those of the reference model. Matching the predictors
is crucial to ensure consistency, generalizability, validity of comparisons, applicability,
and accurate performance assessment when evaluating risk prediction models in
external populations. Thus, the availability of relevant data in ET2DS reduced bias and
allowed me to thoroughly assess the performance of the reference risk prediction
model in ET2DS. Furthermore, the accuracy and reliability of the data collected in the
ET2DS were ensured through well-trained researchers, adherence to standard
operating procedures, and stringent quality control measures for physical
examinations and laboratory work. A wide range of clinical and demographic variables
were meticulously collected with minimal missing data, which enabled the exploration

of the metabolomic associations independent of traditional CKD risk factors.

7.2.2 Use of Nightingale metabolomics dataset

The Nightingale metabolomic platform used in the ET2DS incorporated stringent
quality control measures to ensure the reliability of metabolite measurements. For
instance, each sample plate included two control samples, an imitation serum and a
blend of two low-molecular-weight metabolites to monitor quantification consistency
and assess the performance of the automated liquid handler and spectrometer. The
widespread use of the Nightingale platform in large epidemiological studies enhances

the potential for future validation of findings from the ET2DS in diverse study

162



populations (Soininen et al., 2015, Wurtz et al., 2017, Tofte et al., 2020, Geng et al.,
2024, van der Burgh et al., 2024).

Instead of focusing on a specific subclass of metabolites, | employed global
metabolomic profile analysis, allowing for a comprehensive depiction of metabolic
status. However, while plasma metabolomics measurements encompass diverse
metabolic processes taking place in various tissues, it is important to note that the
kidneys are the central metabolite filtration unit. Thus, caution is advised when
interpreting changes in plasma metabolomic profiles as they may be indicative of
changes in systemic metabolism or a consequence of altered renal clearance.
Validation of these findings requires in vivo experimental studies to confirm the

underlying mechanisms.

7.2.3 Representativeness of the study population

The establishment of the ET2DS, as outlined in Price et al. (2008) was motivated by
the goal of exploring the associations between potential risk factors and complications
related to T2DM, including cognitive decline, CVD and CKD. The ET2DS cohort
comprises a representative sample according to a previous study (Marioni et al.,
2010), which was systematically drawn from the entire population of individuals with
T2DM residing in Lothian, encompassing the city of Edinburgh as well as surrounding
urban and rural areas. Diverging from the recruitment methods employed in prior
studies such as those by Tofte et al. (2020) and Barrios et al. (2018), where subgroup
of individuals with T2DM were sourced from a mixture of smaller cohort studies, the
ET2DS methodology incorporates individuals with T2DM spanning a diverse spectrum
of disease severity. This spectrum is characterized by various treatment modalities
ranging from dietary management to insulin therapy. Thus, the ET2DS not only mirrors
the characteristics of the local T2DM population, but also holds the potential for
generalizability to the broader target population of individuals with T2DM residing
throughout the UK.

Although ET2DS represents a cohort with diverse disease severity, it is noteworthy
that the study intentionally enrolled participants who were older adults, specifically
aged between 60 and 75 years at the baseline assessment. Furthermore, the study
participants are predominantly white. These two characteristics of the study population

limit the generalisability of findings to other ethnicities and younger individuals with
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diabetes. In addition, the impact of healthy survivor bias (i.e., the possibility that people
who have healthy kidney function at the age of 60 years or above may be biologically

different to those who do not) is unknown.

7.2.4 Kidney measures and follow-up

Longitudinal dataset on kidney function markers with a relatively long period of follow-
up enabled me to study both biomarkers at baseline and their changes over time,
which was vital for valid analysis of the association between biomarkers and CKD risk.
The availability of repeat kidney function measurements during the two years before
baseline and during a period of over seven years of follow-up enabled me to determine
CKD status according to the globally approved recommendations from KDIGO, which
relies on kidney function measures repeated at least twice on three-monthly intervals
(Levin et al., 2013). Furthermore, taking full advantage of this longitudinal data allowed
the exclusion of participants with CKD at baseline and permitted the prospective study
of incident CKD in individuals free of CKD at baseline. Compared to previous studies,
which have mainly had a cross-sectional design, the prospective nature of the ET2DS
allowed for exploration of the temporal relationship between metabolites and incident
CKD. Furthermore, the longitudinal records of kidney function for up to seven years of
follow-up enabled the identification of time of CKD onset and facilitated time-to-event

analysis for the risk of incident CKD.

Applying the definition of CKD in line with KDIGO guidelines (Levin et al., 2013)
allowed me to determine clinically-relevant cases, which is preferable to dichotomising
a single-point kidney function measurement to define CKD phenotype, as it may lead
to misclassification caused by temporal variability of eGFR (Preiss et al., 2007). This
is because serum creatinine concentrations may exhibit regular natural fluctuations
influenced by factors like the dietary consumption of cooked red meat or other
creatinine precursors, as well as diurnal rhythms. Indeed, it has been suggested that
up to 25-30% of individuals initially diagnosed as being in stage 3 CKD will eventually
improve and move out of this category when eGFR measurement is repeated later
(Glassock and Winearls, 2008). So, taking full advantage of the available eGFR data
from clinical records in ET2DS enabled me to classify CKD status at baseline and

follow-up with minimum misclassification.
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On the other hand, the nature of kidney function measurements available in the
ET2DS database is a potential limitation. Despite the prospective design of the study,
the reliability and accuracy of the kidney function measurements has restricted my
ability to explore the etiological roles of metabolites in early CKD development. In this
thesis, CKD was defined using the eGFR calculated using a creatinine-based CKD-
EPI calculation, widely employed for CKD diagnosis and monitoring in a clinical setting
(Levey and Stevens, 2010). While the eGFR calculation incorporates patient sex,
ethnicity, and age to eliminate certain sources of variation present when using serum
creatinine alone, it is crucial to note that since serum creatinine is the sole measured
parameter in the eGFR equation, inaccuracies in creatinine levels will directly result in

errors in the calculated eGFR.

The most important factor to consider is the accuracy of biomarker assay calibration.
Variability in reported serum creatinine levels can occur due to differences in the
assays used for analysis, even when examining the same sample from a single
patient. While discrepancies in measured serum creatinine may seem minor, it is
important to note that these assay readouts are integral to eGFR equations, which
apply an exponent to the serum creatinine value. A previous study used two different
Jaffe assays to measure serum creatinine levels in non-diabetic patients from the
National Health and Nutrition Examination Survey Il (NHANES IIl) and observed a
difference of 20.3 umol/l (0.23 mg/dl) between measurements (Coresh et al., 2002).
As a result, the eGFR calculations were significantly affected, which led to variations
in the prevalence of specific eGFR categories. For example, prevalence of participants
classed as having CKD stage 3 (eGFR between 30 and 59 ml/min/1.73 m?) varied
from 3.2% to 12.5% solely due to the differences in serum creatinine measurement
method (Coresh et al., 2002). Furthermore, the exponential relationship between
serum creatinine levels and eGFR exacerbates the impact of inaccuracies in creatinine
measurements, especially in higher GFR ranges. The results from NHANES Ill cohort
showed that prevalence of eGFR >80 (ml/min/1.73 m?) ranged from 41.8% to 82.1%

in the same study, depending on the assay used (Coresh et al., 2002).

Coresh et al. (2002) suggested that the fluctuations in eGFR calculations caused by
deficiencies in assay calibration could be minimized by using each eGFR equation
exclusively with the particular assay it was originally developed in conjunction with.

However, this is impractical, as new assays are developed over time, replacing the
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older ones. Therefore, to address this potential source of variation, | ensured that
serum creatinine measurements were isotope dilution mass spectrometry (IDMS)
traceable (Pieroni et al., 2011). One significant benefit of employing e GFR calibrated
to IDMS method is that an eGFR equation created using an IDMS traceable assay is
applicable to any other IDMS traceable creatinine measurement (Stevens et al., 2007,
Levey et al., 2009c, Schaeffner et al., 2012, Bjork et al., 2015, Pottel et al., 2016).
Consequently, using IDMS traceable creatinine measurements ensured that CKD-EPI
equation was used appropriately to estimate kidney function in this study and

minimised the estimation error for the eGFR results.

Since the initial kidney decline progresses silently, some studies suggested that serum
creatinine-based estimation of glomerular filtration rate may not be sensitive enough
to detect early changes (Macisaac et al., 2006, Lin et al., 2016). In particular, patients
with T2DM and comorbidities with early stages of CKD present specific diagnostic
challenges, which were explored extensively in previous research (Oh et al., 2012,
Schottker et al., 2012, Lamb et al., 2014, Maahs et al., 2014, Tsai et al., 2014, Avinash
et al., 2015, Einhorn and Mende, 2015, Maclsaac et al., 2015, Lin et al., 2016, Mende
and Katz, 2016, Tsuda et al., 2016). Studies suggested that some creatinine-based
eGFR formulas may lack accuracy in detecting early CKD compared to cystatin-based
formulas, especially in individuals diagnosed with diabetes (Borges et al., 2010, lliadis
etal., 2011, Oh et al., 2012, Schottker et al., 2012, Lamb et al., 2014, Tsai et al., 2014,
Avinash et al., 2015, Einhorn and Mende, 2015, Mende and Katz, 2016). However,
both serum creatinine and cystatin C equations for eGFR may be affected by non-
GFR determinants, which directly influence whether an individual is classified as
having CKD or not. Factors like muscle wasting or increased muscle mass can impact
creatinine levels, while inflammation and obesity can influence cystatin C levels
(Knight et al., 2004, Melsom et al., 2015, Schei et al., 2016). Studies that used inulin
clearance, an established gold-standard method for measured glomerular filtration
rate (nGFR), indicated significant inaccuracies in both cystatin-based and creatinine-
based eGFR formulas for diagnosing and staging diabetes-related CKD (Tsuda et al.,
2016). Consequently, the discrepancies in eGFR formulas led to the proposal of using
mMGFR for kidney function assessment, which may provide a more accurate evaluation
independent of variables like age or sex (Maahs et al., 2014, Porrini et al., 2019).

However, this technique is expensive and impractical for large-scale epidemiological
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studies, as it requires intravenous continuous infusion and multiple urine collections
over 60 minutes (White et al., 2019). Alternatively, the plasma clearance of iodinated
contrast agents like iohexol and iothalamate can be employed for mGFR in smaller
cohort studies and clinical trials without urine collections (Maahs et al., 2014).
However, this approach also has its drawbacks, including the need for repetitive
plasma samples over an extended period, making it unsuitable for larger studies of
CKD due to cost and inconvenience. Considering that ET2DS was not primarily a CKD
study, but rather a study exploring vascular disease, these intensive methods related
specifically to CKD diagnosis would not be considered practical or appropriate,
especially when the difference between methods is marginal, and the correlation is
high.

7.2.5 Strengths and limitations of the analysis plan for study of

metabolomic marker associations with kidney function
To the best of my knowledge, the ET2DS stands as the largest single-cohort study
investigating associations between incident CKD and the nuclear magnetic resonance
metabolomic panel, specifically in an older population with T2DM. Although previously
three studies analysed a similar nuclear magnetic resonance panel (Ibarra-Gonzalez
et al., 2018, Barrios et al., 2018, Tofte et al., 2019b), they did not focus on the older
age group, which is most susceptible to CKD development. Notably, the studies by
Tofte et al. (2019) and Barrios et al. (2018) conducted meta-analyses of smaller
cohorts, likely selected based on nuclear magnetic resonance panel availability. This
approach is suboptimal as it may introduce biases due to unaccounted heterogeneity
between cohorts, such as systemic differences in participant recruitment and pre-

analytical influences on metabolomic measurements.

While the primary analysis of the study relied on traditional multivariable regression
models examining individual metabolites, LASSO was also employed to assess the
robustness of the findings from the analysis which considered associations between
individual metabolites and the cross-sectional outcomes. This dual approach allowed
for a comprehensive exploration of the metabolomic profile of kidney function
phenotypes, considering both clinical interpretability and intricate relationships within
the metabolomic data. The consistent results obtained from two different analytical
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approaches strengthened the confidence in the associations identified and contributed

to the reliability of my study.

The most notable limitation of this study is the lack of comparison with the general
population or patients with Type 1 Diabetes Mellitus (T1DM). Without exploring
whether similar patterns exist in other groups, it was not possible to determine which
metabolic traits were specifically associated with CKD in individuals with T2DM and
hence we may have overlooked potential differences in metabolomic profiles between
populations. An understanding of metabolite profile associations in isolation could limit
the clinical relevance and utility of the findings as comparative studies have the
potential to identify markers specific to T2DM, facilitating the development of targeted
diagnostic or therapeutic strategies. Additionally, | may have missed the opportunity
for a comparative analysis between T1DM and T2DM populations, potentially
hindering insights into shared and distinct pathways that potentially contribute to

diabetes-related kidney function decline.

Although no participants were lost to follow-up for renal failure or ESRD in the ET2DS,
those who died from non-CKD causes were treated as non-cases in the regression
models, potentially introducing misclassification error. This misclassification might
affect the estimated associations between metabolites and CKD, with the likelihood of
estimates leaning toward the null hypothesis and exhibiting smaller effect sizes,
reducing statistical power to identify true associations. The 'dilution' effect could
suggest that currently identified metabolites might have larger coefficients if

misclassification had been avoided.

7.2.6 Strengths and limitations of the analysis plan for improving risk

prediction of incident CKD
In terms of analysing risk prediction for incident CKD, special attention was dedicated
to formulating an analysis plan which would maximise the informativeness and clinical
relevance of the results. The selection of a risk score for constructing a reference risk
prediction model, to which metabolomic markers would be added, was guided by
specific characteristics detailed in Chapter 1 (section 1.5.3). Emphasis was placed on
models that incorporated only clinical variables and were subject to extensive external

validation. The incorporation of metabolomic markers into the reference risk prediction
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model serves to elucidate their additional value beyond the information available from

routine clinical measures alone.

Ideally, the process of selecting a reference model should involve a rigorous
evaluation, including conducting a systematic review to compile available risk scores
and carefully comparing their predictive performance in the ET2DS to identify the
optimal score. However, a recent study of this nature was already performed in the
T2DM population (Slieker et al., 2021), so conducting this analysis specifically in
ET2DS would not contribute substantially to current research knowledge.
Furthermore, systematic reviewing was not a primary objective of this thesis, so it
would be unrealistic to conduct a second comprehensive review of the literature (in
addition to the one carried out for Chapter 3) within the time constraints of the PhD.
Nonetheless, | have selected a reference model based on the results from the previous
systematic review, and it demonstrated good performance in the ET2DS, enabling

further investigation of the added benefit by metabolomic profiles.

Multiple repeats of LASSO were used to handle high-dimensional metabolomics data,
effectively addressing issues of high correlation. By incorporating information from
various instances of the LASSO procedure, where predictive metabolites selected
across different runs are combined, | was able to identify a stable set of metabolomic
predictors to construct a multi-marker risk score, MetS. The identification of predictors
that consistently stand out reduced the likelihood of false positives and enhanced the
reliability of selected variables. However, LASSO modelling exhibited some instability,
as indicated by a wide variation in metabolites selected in association with the
outcomes, ranging from six to twenty-five. This could be attributed to the limited
statistical power as a result of a relatively small sample size (119 incident CKD
outcomes) compared to the number of measured exposures (228 metabolites

measured).

Another and most critical limitation, particularly relevant to covariate selection methods
like LASSO, is the absence of external validation using a comparable and independent
population, as this approach tends to overfit the data and provide optimistic results.
While internal validation through bootstrapping have been cautiously employed to
address overfitting concerns, these measures only represent the minimum

requirement for ensuring the generalizability of the present findings according to
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TRIPOD guidelines (Moons et al., 2015). A future replication study is therefore
warranted to evaluate if the findings are generalizable to other independent
populations of older people with T2DM as well as other populations to accurately
assess the performance of the updated risk prediction model. In addition, external
validation could offer further insights, especially in determining whether overfitting
might contribute to the slightly improved predictive performance observed in the
reference risk prediction model (the re-fitted Nelson model) compared to the original
Nelson risk equation (evaluation of the model with direct application of the published
equation) within the ET2DS. Furthermore, the clinical interpretation of certain
predictive metrics, such as continuous NRI, remains unclear (Kerr et al., 2011), and

hence the assessment of the clinical utility of the MetS was unfortunately unattainable.

7.3 Comparisons of findings on metabolomic profiles with previous studies
and possible mechanistic explanations
The metabolites that showed some consistency in their direction of effect with both
cross-sectional and prospective outcomes, were isoleucine, glucose, apolipoprotein-
A1 and total choline. These findings were considered as most notable, so are
discussed below in terms of comparisons with previous research and possible
mechanistic explanations for the associations. However, it is important to note that
these associations lost statistical significance for prospective outcomes after
adjustment for CKD risk factors and multiple testing correction, suggesting that they
are not independent risk factors, but rather a part of complex pathways involved in
early stages of CKD development. In addition, the metabolites that were only

significantly associated with baseline kidney measures are also described.

7.3.1 Isoleucine (amino acid)

Amino acids serve as fundamental building blocks for all life forms, and their
absorption and transport occur in various tissues such as the small intestine, colon,
liver, kidneys, and others (Neis et al., 2017, Broer and Fairweather, 2018). This
widespread distribution enables amino acids to play a crucial role in influencing the
growth and overall health of humans. Branched-chain amino acids, specifically valine,
leucine, and isoleucine, function as signalling molecules that regulate the metabolism
of proteins, glucose, and lipids, thereby playing essential roles in maintaining energy
homeostasis. Changes in branched-chain amino acid levels were identified in people

with diabetes several decades ago, which showed that the disruptions in branched-
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chain amino acid metabolism occur prior to the onset of diabetes, thereby suggesting
its involvement in diabetes pathogenesis (Wang et al., 2011, Nagata et al., 2013,
Zheng et al., 2016, Lotta et al., 2016) and insulin resistance, which is a key contributor
to T2DM onset (Lynch and Adams, 2014, Lee et al., 2016a). The increased risk of
T2DM as a result of high circulating levels of branched-chain amino acids was verified
in multiple cohorts (Floegel et al., 2013, Tillin et al., 2015). A previous study also
demonstrated a connection between elevated isoleucine levels and an increased
likelihood of having elevated HbA1c (>53 mmol/L), indicating a significant correlation
with disrupted diabetes control (t Hart et al., 2018).

In the current study, | found the branched-chain amino acid isoleucine showed the
strongest inverse association with baseline kidney function in terms of eGFR
compared to other amino acids. Additionally, it showed a nominally significant
association with prospective outcomes, including incident CKD, rapid decliner status
and annual rate of eGFR change in percentage, albeit only after adjustment for
baseline eGFR, age and sex, but not after adjustment for other CKD risk factors.
Consistent with these findings, a previous study showed that isoleucine levels were
increased in CKD patients (DeFronzo and Felig, 1980). More recently, a UK Biobank
study also demonstrated that isoleucine significantly associated with increased risk of
incident CKD in general population (Geng et al., 2024). Similarly, a small prospective
study also demonstrated that elevated isoleucine levels were associated with an
increased risk of experiencing a rapid decline in eGFR and incident CKD in individuals
with T2DM, independent of CKD risk factors (Zhu et al., 2022). Together these findings
suggest that isoleucine may serve as a signal not only for disruptions in diabetes and
insulin resistance, but also for the development of CKD. While the mechanisms for
these findings remain unclear, it is possible that a diminished renal role in protein
synthesis as a result of kidney function decline could account for the increase in
circulating branched-chain amino acids observed in association with CKD (Garibotto
et al., 2010). It is also possible that observed inverse relationship (isoleucine levels
increased as kidney function decreased) could be attributed to the fact that isoleucine
may be metabolised by the healthy kidneys. Further exploration is warranted to delve
into the pathophysiology that underlies these connections as it may provide valuable

insights into potential targets for treatment.
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7.3.2 Glucose (glycolysis-related metabolite)

The renal system maintains glucose homeostasis by engaging in gluconeogenesis,
glucose filtration, glucose reabsorption, and glucose consumption processes (Mather
and Pollock, 2011). In people with diabetes, the reabsorption of glucose from
glomerular filtrate is increased to reduce the loss of glucose via urinary excretion.
Elevated blood glucose levels were shown to cause increased renal tubule
reabsorption through upregulated glucose transporters (Bakris et al., 2009, Gorboulev
et al., 2012, Uehara-Watanabe et al., 2022). Some of these glucose transporters are
also sodium transporters (e.g., sodium-glucose transporter 2), leading to increased
sodium reabsorption and reduced sodium and chloride delivery to the macula densa
(a specialized region in the kidney, specifically located in the distal tubule of the
nephron, involved in regulating renal blood flow and GFR). This triggers a decrease in
the signal for tubule-glomerular feedback, resulting in elevated single nephron GFR
(Vallon et al., 1999, Thomson et al., 2001). Consequently, elevated blood glucose
levels play a role in inducing glomerular hyperfiltration (Wiseman et al., 1987, Vallon
and Komers, 2011), which may contribute to the onset or progression of CKD in people
with diabetes, as suggested by several observational studies, which reported
associations between glomerular hyperfiltration and rapid kidney function loss in
patients with T1IDM or T2DM (Magee et al., 2009, Ruggenenti et al., 2012, Bjornstad
et al., 2015, Low et al., 2018). Although some studies reported conflicting results
where no such associations were found (Ficociello et al., 2009, Thomas et al., 2012,
Molitch et al., 2019), it is possibly influenced by the use of GFR-estimating equations,
which did not provide an accurate estimation of kidney function, especially at higher
levels of GFR function (Gaspari et al., 2013).

This evidence presents the hypothesis that hyperglycaemia or elevated blood glucose
levels may cause glomerular hyperfiltration, which exacerbates the rate of decline in
renal function in the future. In line with this hypothesis, the analyses of metabolomic
associations in ET2DS revealed that circulating glucose levels were positively
associated with baseline renal function, yet it was linked to a faster subsequent decline
in eGFR. Previous studies also showed that raised glucose levels increased the risk
of a rapid reduction in GFR, ultimately culminating in the faster development and
progression of CKD (Magee et al., 2009, Ruggenenti et al., 2012, Bjornstad et al.,

2015, Low et al., 2018). Additionally, circulating glucose levels were associated with
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ESRD independent of other risk factors in people with T2DM (Colhoun et al., 2001)
and the general population (Zacharias et al., 2019) as well as incident CKD in UK
Biobank cohort study (Geng et al., 2024).

7.3.3 Apolipoprotein-A1 (apolipoprotein)

Apolipoproteins play essential roles in stabilizing the lipoprotein structure through their
hydrophobic and hydrophilic regions (Rader et al., 1994, Bolanos-Garcia and Miguel,
2003, Sniderman and Faraj, 2007). They also serve as cofactors for enzymes in lipid
metabolism and act as ligands for cell surface lipoprotein receptors, mediating the
modification and absorption of lipids (Mahley et al., 1984). A type of Apolipoprotein-A
(ApoA), namely ApoA1, is produced in the liver and predominantly found in plasma as
well as the extravascular compartment. It is a primary protein component contained in
the HDL particles, accounting for 70% of the total HDL protein content (Gursky, 2005).
The ApoA1 is the main acceptor of cholesterol during the transport of cholesterol from
tissues to the liver for excretion from the body. It is also involved in transporting
cholesterol from the liver to cells (Talmud et al., 2002). In addition, ApoA1
demonstrated anti-atherogenic effects through prostacyclin stabilization (Yui et al.,
1988, Flores et al., 2019, van der Vorst, 2020).

Consistent findings from previous studies affirm that ApoA1 serves as an indicator of
CVD risk (Berg and Borresen, 1976, Ishikawa et al., 1978, Cremer et al., 1988,
Walldius et al., 2001, Bodde et al., 2019). Reduced ApoA1 levels were shown as a
negative prognostic factor for CVD outcomes (Florvall et al., 2006) while higher levels
were associated with a lowered risk of CVD, implying a cardioprotective effects (Erqou
et al., 2010). Considering that CKD and CVD share common risk factors and
pathophysiologic mechanisms, such as oxidative stress, inflammation, hypertension,
endothelial dysfunction, vascular calcification, and dyslipidaemia, (Matsushita et al.,
2022, Zoccali et al., 2023), it is not surprising that previous studies also observed
alterations in HDL composition and decreased levels of ApoA1 in individuals with CKD
(Attman et al., 1987, Attman and Alaupovic, 1991, Shah et al., 1996, Vaziri et al., 1999,
Muntner et al., 2004, Vaziri, 2006, Lacquaniti et al., 2010, Goek et al., 2012b, Zewinger
et al., 2014) and in haemodialysis patients (Moradi et al., 2009, Moradi et al., 2010).
Positive correlations between ApoA1 and baseline eGFR were shown in the general
population as well as in people with diabetes, including individuals with T2DM (Goek
et al., 2012b, Barrios et al., 2018, Tofte et al., 2020). In line with previous findings, the
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study of metabolomic profiles in ET2DS showed that ApoA1 displayed a statistically
significant inverse association with baseline CKD and statistically significant positive
association with baseline eGFR, independent of CKD risk factors. Considering that in
patients with CKD, the filtration, catabolism, salvage, and excretion of HDL and its
components are impacted, it is not surprising that the concentration, composition, and
functionality of HDL particles is also influenced by kidney dysfunction (Marsche et al.,
2020). Suggesting that ApoA1 changes may be a consequence of kidney dysfunction
rather than being predictive of it. Moreover, the biosynthesis of ApoA1 is reduced in
people with CKD (Vaziri et al., 1999). The changes in HDL particles and reduced levels
of ApoA1 in CKD patients results in lowered cholesterol efflux capacity along with
reduced antioxidant function of HDL, affecting CVD risk in CKD patients (Holzer et al.,
2011).

In terms of longitudinal findings in ET2DS cohort, the associations between ApoA1
levels and new-onset CKD or annual rate of eGFR change were only nominally
significant. However, point estimates indicated trends were consistent with the results
shown in cross-sectional analyses. Similar findings were observed in two large multi-
ethnic population-based cohorts, namely the Atherosclerosis Risk in Communities
study (ARIC) and NHANES Il (Goek et al., 2012b). Here, the ApoA1 levels were not
significantly associated with incident CKD, but showed consistent trends in line with
cross-sectional analysis of CKD status and baseline eGFR. While some studies
revealed a statistically significant positive association between ApoA1 and annual
change in renal function in an non-diabetic population (Barrios et al., 2018), others
have not (Samuelsson et al., 1997). Similarly, the CRIC study revealed that ApoA1
was not independently associated with the risk of CKD progression to ESRD in a large
cohort of patients with mild or moderate CKD (Rahman et al., 2014). Taken together
these findings suggest that there is no robust evidence to support that ApoA1
independently predicts CKD development or progression. Although the observational
nature of the ET2DS study prevents me from addressing mechanisms of CKD
development, there is a lack of evidence to suggest that ApoA1 has a direct role,

indicating that CKD onset may be mediated through other pathways.

7.3.4 Total cholines

Total cholines measurement encompasses the total concentration of various choline-

containing compounds circulating in the blood serum. Cholines are essential nutrients
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and precursors for the synthesis of phospholipids, neurotransmitters, and other vital
molecules. Previous research indicates that choline metabolism involves both the liver
and kidneys (Bligh, 1953). It plays a key role in diverse physiological processes and
stands as an independent predictor for several cardiovascular conditions, including
hypertension, atherosclerosis, and myocardial infarction (Danne et al., 2003, Danne
and Mockel, 2010, Song et al., 2021, Yang et al., 2023).

Higher levels of total cholines significantly reduced odds of baseline CKD independent
of CKD risk factors (Prpor<0.05) and demonstrated consistent direction of effect in
terms of reduced incident CKD and rapid decliner status. Similarly, total cholines levels
also showed non-significant inverse association with incident CKD in UK Biobank
study (Geng et al., 2024). In contrast, previous studies showed an opposite
relationship, where higher levels of cholines were associated with reduced eGFR in
people with T2DM and general population (Aguilar-Ramirez et al., 2021). Moreover,
cholines demonstrated strong inverse association with eGFR (Missailidis et al., 2016)
and increased the risk of incident CKD during 8 years of follow-up (Rhee et al., 2013).
Cholines are acquired from dietary sources, so total choline levels are directly
influenced by consumption of meat, fish and eggs (Ufnal et al., 2015). Older people
tend to consume less protein rich foods, thus, conflicting results may be due to
fundamental demographic differences in the populations studied. This indicates that
substantial differences may exist in metabolic profiles due to demographic variations
such as age and lifestyle, which highlights the importance of considering variables

such as diet when studying the metabolome.

7.3.5 Metabolites associated with kidney damage

In contrast to findings for baseline eGFR, only two metabolites, namely tyrosine and
glycoprotein acetyls, were significantly associated with baseline UACR, which is a
clinical indicator of damage to the glomerular filtration barrier. This may, at least in
part, be explained by uACR being a urinary biomarker, for which fewer correlations
with circulating serum metabolites may be expected compared to eGFR, a serum-
based biomarker. Notably, previous studies that also considered metabolomic
associations with uACR, also reported fewer significant findings in people with either
T2DM (Tofte et al., 2020) or T1DM (Tofte et al., 2019b), possibly due to the smaller

number of participants with available data on albuminuria.
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Tyrosine (amino acid)

The amino acid tyrosine was found to be inversely associated with uUACR independent
of CKD risk factors in ET2DS. Tyrosine is considered to be a semi-essential amino
acid, as it can only be synthesized by the hydroxylation of phenylalanine, an essential
amino acid. Apart from the enzymatic process facilitated by phenylalanine
hydroxylase, leading to the conversion of phenylalanine to tyrosine, the sole origin of
these two amino acids is through dietary intake (Chazot et al., 1997). In individuals
and animals experiencing CKD, there is often a decrease in plasma tyrosine
concentrations, while, plasma phenylalanine levels tend to be normal to slightly
increased, leading to a reduced ratio of tyrosine to phenylalanine (Gulyassy et al.,
1970, Young and Parsons, 1973, Jones et al., 1978, Fukuda and Kopple, 1980, Furst
et al., 1980, Kopple et al., 1982, Flugel-Link et al., 1983, Laidlaw et al., 1994). These
observations suggest a potential impairment in the conversion of phenylalanine to

tyrosine catalysed by phenylalanine hydroxylase.

Phenylalanine hydroxylase enzyme has been identified in the liver, kidney, and
pancreatic cells of mice (Kaufman, 1993), so the loss of the enzyme activity in the
kidneys may contribute to the diminished conversion of phenylalanine to tyrosine
during kidney decline. Indeed, some functional studies in humans and animals
demonstrated lower levels of circulating tyrosine in ESRD due to decreased rate of
conversion of phenylalanine to tyrosine (Boirie et al., 2004, Kopple, 2007). Moreover,
a number of observational studies showed that tyrosine was linked to different CKD
stages (based on eGFR) in people with diabetes (Lee et al., 2016b) and the general
population (Mika et al., 2018) as well as incident CKD (Sekula et al., 2016). Although,
we did not find that tyrosine was significantly associated with eGFR, it was inversely
associated with baseline uACR levels. So, ET2DS participants with lower levels of
UACR i.e., those with less renal damage, had higher levels of tyrosine. This is in line
with previous studies, which demonstrated that higher levels of circulating tyrosine
were associated with lower odds of diabetic nephropathy (Barrios et al., 2018, Zhang
et al., 2020a) and inversely associated with albuminuria (Tofte et al., 2020).
Furthermore, the ADVANCE trial demonstrated an inverse association between
tyrosine and microvascular diseases in ~3500 individuals with T2DM (Welsh et al.,
2018).
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The findings from ET2DS, consistent with earlier research (as discussed above),
suggest that kidney damage as indicated by increased uACR, is linked to lower
concentrations of plasma tyrosine, which may result from dysfunctional activity of
phenylalanine hydroxylase (Kopple, 2007). Additionally, tetrahydrobiopterin, a crucial
cofactor for phenylalanine hydroxylase, may also influence its activity and production
of tyrosine (Werner et al., 2011). The oxidative stress present in diabetes patients
could potentially reduce tetrahydrobiopterin availability, thereby impairing
phenylalanine hydroxylase activity and contributing to reduced plasma tyrosine levels
(Werner et al., 2011).

Tyrosine plays a role in gluconeogenesis and glucose transport (Li et al., 2019). Free
tyrosine has the potential to combine with free radicals, forming 3-nitrotyrosine, which
may harm pancreatic islet beta cells (Chi et al., 2005). The question of whether lower
tyrosine levels solely indicate worsening nephropathy/ kidney damage or if tyrosine
itself acts as a protective and/or aggravating factor is still a subject of controversy.
Recent research, demonstrated heightened nitro-tyrosine staining in the kidneys of
individuals with diabetic nephropathy (Thuraisingham et al., 2000). This warrants
further study to investigate if tyrosine predicts albuminuria in people with diabetes and

its use as a prognostic marker for renal decline.

Glycoprotein Acetyls (inflammation-related factor)

Recent studies described glycoprotein acetyls as an inflammatory biomarker related
to glycosylation of proteins in blood and may be more reflective of systemic
inflammation (Connelly et al., 2017). Low-grade inflammation has been implicated with
various chronic diseases (Fuertes-Martin et al., 2020) including diabetes (Duncan et
al.,, 2003, Duncan and Schmidt, 2006). Titan et al. (2017) demonstrated that
glycoprotein acetyls was associated with albuminuria and kidney function independent
of major risk factors in the general population and showed better discriminative ability
compared to the traditional inflammatory biomarker high-sensitivity c-reactive protein.
Moreover, Tofte et al. (2020), showed that glycoprotein acetyls were associated with
baseline eGFR and albuminuria in people with T2DM, which was also revealed in the
analysis of metabolomic profiles in ET2DS. However, glycoprotein acetyls were not
identified as significant metabolite in association with prospective outcomes in either
ET2DS or previous studies, so the associations with baseline CKD in people with
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T2DM may be the result of low-systemic inflammation caused by metabolic disorder
rather than CKD itself.

7.3.6 Other metabolites associated with kidney function

Lipoproteins and their traits

Patients with CKD often have increased cardiovascular risk as a result of
dyslipidaemia, the hallmark of which is decreased HDL cholesterol and increased
triglyceride levels measured by traditional methods (Mikolasevic et al., 2017). In
agreement, | found nuclear magnetic resonance-measured total serum triglycerides
and total cholesterol in HDL were associated with eGFR and baseline CKD, indicating
that individuals experiencing kidney decline are likely to exhibit typical traits of

dyslipidaemia.

Large cohort studies suggested that dyslipidaemia may also be a risk factor for
development of kidney dysfunction (defined as new-onset of reduced eGFR and/or
albuminuria) in people with T2DM (Sacks et al.,, 2014, Russo et al., 2016) and
albuminuria progression in T1DM as suggested by a prospective FinnDiane Study
Group (Makinen et al., 2013). Although | did not find that measures akin to the
traditional total HDL levels were associated with the prospective outcomes, | did find
phospholipid and cholesterol traits in medium HDL particles showed positive nominal
association with eGFR slope and demonstrated protective effect against the decliner
status, while triglycerides in very-large-HDL had the opposite effect. The associations
were in agreement with cross-sectional results, suggesting that HDL particles may
exert effect not only on kidney function at baseline, but also on the rate of kidney
function decline. Similarly, Tofte et al. (2020) revealed positive associations with eGFR
slope and HDL subclass, but only in very large HDL particles. Although, in both studies
the associations became non-significant after correction for multiple testing, it is
possible these associations are true, considering these HDL particles were significant
in baseline eGFR analysis. A potential explanation for the lack of statistical
significance may be related to the statistical power as indicated by relatively wide

confidence intervals.

Overall, the cross-sectional and longitudinal findings discussed above provide some
evidence that lipids, particularly cholesterols and phospholipids in HDL subclass play

a role in development of CKD in people with diabetes. The HDL cholesterol or
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phospholipids could serve as target for therapies in the future, but so far, the effects
of increasing HDL did not show favourable outcomes. For example, torcetrapib caused
an increase of morbidity and mortality leading to early termination of the ILLUMINATE
trial (Barter et al., 2007). Another trial specifically in T2DM patients, used fenofibrate
to raise HDL cholesterol levels and while the lipid profile was improved it had no effect
on CKD or diabetes (Keech et al., 2005). It is important to note that while HDL
cholesterol is commonly referred to as "good cholesterol," the functionality and
composition of HDL particles can vary, as shown in the metabolomic profiles of
ET2DS. Merely raising HDL cholesterol levels may not necessarily confer clinical
benefits, as it is the functional properties of HDL particles that are thought to be more

relevant in terms of metabolic health.

Besides, a more distinct dyslipidaemia pattern emerged via nuclear magnetic
resonance -profiling, where a number of non-traditional lipoproteins were associated
with reduced kidney function, in some cases irrespective of lipid content. All sizes of
very low-density lipoprotein (VLDL) particles with various lipid components showed
inverse association with continuous eGFR levels at baseline. The direction of the same
lipoprotein profile was mirrored when a binary measure of CKD was explored. These
relationships were consistent with previous studies, which included comparative
associations with many lipoproteins for people with and without diabetes (Barrios et
al., 2018, Tofte et al., 2020, Aguilar-Ramirez et al., 2021). The results suggest that
alterations of the lipoprotein composition beyond traditional dyslipidaemia measures

may contribute to the risk observed in CKD patients.

Interestingly, my study, similarly to previous studies (Barrios et al., 2018, Tofte et al.,
2020), showed that the associations persisted even with adjustment for lipid lowering
medication use. Lipid-lowering is recommended for reducing CVD and mortality risk in
general population, but its effectiveness in the CKD population (with and without
diabetes) is controversial as it may be dependent on severity of renal dysfunction
(Wanner et al., 2005, Fellstrom et al., 2009, Baigent et al., 2011). Statin therapies (i.e.
lipid-lowering medication) did not have an effect on increased triglycerides, decreased
HDL or ApoA1 levels (Mesquita et al., 2010). Indeed, the results presented here
showed substantial variation in lipid content in the different lipoprotein particles

associated with eGFR independent of lipid-lowering treatment, which suggested that
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more subtle risk patterns in people with CKD not detected by traditional lipid measures

may affect the comorbidity risk and alter the effectiveness of lipid-lowering treatment.

Unmeasured metabolites associated with incident CKD in previous studies of people

with Type 2 Diabetes

The metabolites analysed on the Nightingale platform represent only a fraction of the
well-known metabolites, and the Human Metabolome Database continues to expand
in scope (Wishart et al., 2022). While certain metabolites were not evaluated in the
ET2DS, they could potentially have a significant impact on the development of kidney
function decline in individuals with T2DM. A recent systematic review described seven
blood plasma biomarkers that were most frequently associated with incident CKD as
well as CKD progression and the onset of ESRD in a T2DM population (Liu et al.,
2022). Plasma tumour necrosis factor receptor 1 (TNFR1), a receptor found on
inflammatory cells, was the most studied plasma biomarker in relation to kidney
dysfunction, which showed positive association with CKD outcomes. Statistically
significant results for TNFR1 were reported in 13 cohort studies comprising of
individuals only with T2DM, as well as three cohorts of T1IDM, 11 cohorts of mixed
diabetes mellitus populations and four cohorts of the general population. Another top-
studied biomarker was fibroblast growth factor-23, a marker related to fibrosis, which
also showed statistically significant positive association with CKD outcomes, including
five cohorts of individuals with T2DM only. Notably, the performance in clinical practice

was not yet evaluated even for the most studied biomarkers (Liu et al., 2022).

As discussed in Chapter 3 (section 3.6.4), some studies comprised people with various
comorbidities, including individuals with diabetes mellitus and adjusted for diabetes
status, but very few studies to date separately depict metabolomic profiles of kidney
decline specifically in people with T2DM. Solini et al. (2016) identified significantly
correlated metabolites with baseline eGFR, which included C-glycosyl tryptophan,
pseudouridine, and N-acetylthreonine, the sum of which predicted the eGFR decline
during the follow up. However, due to heterogeneity of the metabolomic platforms

applied, these findings could not be replicated in the ET2DS.
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7.4 Risk prediction- incremental values of combining metabolites and
traditional risk factors for predicting five-year CKD in T2DM
One of the primary aims of my research was to improve the prediction of incident CKD.
The risk prediction analysis involved an evaluation of an existing risk prediction model
(the reference model) followed by incorporation of its components with metabolites-
based risk score and evaluation of predictive performance before and after addition of
the new score. In the following section, | discuss the current state of research in the
area of risk prediction for incident CKD and compare the performance of the selected
reference risk prediction model in ET2DS with previous studies. | also consider the

value of metabolomics in this field and evaluate its use for developing risk scores.

7.4.1 Performance of existing CKD risk scores

The Nelson risk prediction model, chosen as the reference risk prediction model for
this thesis, was developed in a diverse diabetes population encompassing multiple
cohorts from various countries worldwide to predict the risk of incident CKD (Nelson
et al., 2019). It underwent evaluation in several external populations, demonstrating
very good discrimination and calibration performance (Nelson et al., 2019, Slieker et
al., 2021). When evaluated in ET2DS, the Nelson risk equation also showed relatively
similar performance in terms of the discrimination based on concordance statistic (c-
statistic) compared to previous studies. The c-statistic for the five-year predicted
probability of incident CKD in ET2DS was 0.78 (95% CI 0.74, 0.82), while Nelson et
al. (2019) reported an average c-statistic of 0.81 (IQR 0.80-0.82) when it was
evaluated in nine external diabetes cohorts. Similarly, Slieker et al. (2021) showed a
c-statistic of 0.81 (95% CI 0.81, 0.82) when Nelson risk equation was evaluated in the
Hoorn Diabetes Care System cohort, which consisted of people with T2DM living in
the Hoorn region of the Netherlands. In terms of calibration, the ET2DS showed a
slope of 1.23, which fell within the higher-end of the range of calibration values (0.80
to 1.25) that were shown when Nelson et al. (2019) evaluated the CKD onset risk
prediction using the reference model in a number of diabetes mellitus cohorts. Overall,
previous external validation studies as well as the evaluation carried out in ET2DS
consistently report good performance for predicting the 5-year risk of incident CKD.

The similar performance of the reference risk prediction model in the ET2DS and
previous cohorts may, at least in part, reflect a similar case-mix. For example, the
mean age of the Hoorn cohort was 62 (SD= 11) years (Slieker et al., 2021), which
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overlaps with the mean age of included participants from ET2DS (67, SD= 4 years).
Also, both studies included approximately 50% males, and the majority used oral
glucose-lowering drugs (approximately 60% in both studies) for diabetes control.
Similarly, BMI was also high in both cohorts, with an average of 29.3 (SD= 5.4) kg/m?
and 30.9 (SD= 5.5) kg/m? points in the Hoorn and ET2DS, respectively. Furthermore,
the cohorts used for the development of the Nelson risk equation was also similar in
terms of case-mix, with an average age of 62 (SD= 11) years and mean BMI of 32
(SD= 6) kg/m?.

However, despite the use of readily available demographic, clinical, and laboratory
variables, the Nelson equation has not yet been implemented into clinical practice, a
common flaw shared with many previously developed models in nephrology research.
In contrast to the cardiology field, where risk calculators have been integrated into the
clinical decision-making process, such as QRISK3 for predicting CVD risk in UK
(Samarasekera et al., 2023), nephrology has lagged behind. While accurate risk
calculators for predicting coronary heart disease incidence were initially developed in
the late 1980s (Wilson et al., 1987), it was not until 2003 that the first reasonable
attempt to predict the progression of CKD was published (Dimitrov et al., 2003). Since
then, the area of risk prediction research in nephrology has expanded considerably,
with at least 41 studies reporting on 64 models that predicted outcomes including
albuminuria, diabetic kidney disease, CKD, and ESRD (Slieker et al., 2021).
Nonetheless, so far only Kidney Failure Risk equation (Tangri et al., 2011, Tangri et
al., 2016), which predicts two- and five-year risk of ESRD in CKD patients has been
endorsed by CKD guidelines (Levin et al., 2013, Farrington et al., 2016).

The implementation of risk prediction models for incident CKD into clinical practice
faces several challenges and complexities, contributing to limited adoption. First and
foremost, research on predictive models for renal outcomes is suboptimal, often failing
to account for competing events and measurement errors. Common shortcomings in
current studies include a lack of calibration analyses and external validation in different
populations, contributing to prevalent fallacies in the existing literature (Slieker et al.,
2021). Second, there is a lack of robust clinical trial evidence to demonstrate the
effectiveness and improved patient outcomes resulting from the implementation of
CKD risk prediction models. Without such evidence, healthcare providers may be

hesitant to integrate these models into routine practice. Third, the heterogeneity in the
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underlying CKD causes, such as diabetes, hypertension, or glomerulonephritis,
means that developing a universal risk prediction model that applies across diverse
populations is difficult. Consequently, until further evidence proving that risk prediction
models for incident CKD are accurate in multiple disease-specific subpopulations,
ethnicities and continents along with robust evidence for clinical impact (e.g., referral
process, wait times, health outcome improvement and economic benefits), these

models remain within the research setting.

7.4.2 Individual metabolites and improved CKD risk prediction

Prior metabolomics studies aimed at predicting incident CKD or CKD progression have
predominantly focused on the general population (many of these studies were
described in Chapter 3). Few of these studies are directly comparable to mine due to
variations in case-mix and the methods employed to integrate metabolomics data.
Unlike the approach of constructing a multi-marker risk score using a metabolomic
panel, the majority of these studies tend to augment traditional risk factors by

incorporating individual metabolites.

In general, prospective metabolomic profiling studies recruited broader populations,
some of which included people with diabetes mellitus. For instance, in the Framingham
Heart Study, 120 metabolites were measured using liquid chromatography - mass
spectrometry method in urine specimens from 193 cases along with age- and sex-
matched controls (McMahon et al., 2017a). The analysis revealed that glycine and
histidine were significantly associated with incident CKD independent of clinical
covariates (including baseline eGFR, presence of diabetes, hypertension, and dipstick
proteinuria). Addition of these two metabolites to established CKD risk factors led to a
modestly improved discrimination of individuals at risk of developing CKD. Compared
to a reference risk prediction model of established risk factors, the c-statistic increased
from 0.72 (95% CI 0.67-0.77) to 0.76 (95% CI 0.71-0.81), resulting in a 4%
improvement in discrimination. Another study, that also used the same metabolomic
analysis method in CRIC study, participants with mild renal impairment, found a
number of alterations in lipid profile associated with progression to ESRD (Afshinnia
et al., 2016). Combining the significant lipids with baseline eGFR and uACR resulted
in improved c-statistic, rising from 0.83 (95% CI 0.76- 0.90) to 0.92 (95% CI 0.88-
0.97). Goek et al. (2013) used a different metabolomic analysis method of flow

injection and liquid chromatography coupled to tandem mass spectrometry to
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determine the baseline serum concentrations of 140 metabolites in participants from
the KORA study. The study revealed that kynurenine-to-tryptophan ratio,
phosphatidylcholine diacyl C42:5-to-phosphatidylcholine acylalkyl C36:0 ratio and
spermidine were associated with a significantly higher incidence of CKD at follow-up
visits. Combining the individual metabolites with clinical variables led to some
improvement in discrimination, with c-statistic rising from 0.81 (95% CI 0.77 — 0.86) to
0.86 (95% CI 0.83- 0.90). More recently, a largest metabolomics study in this area of
research, investigated the associations between incident CKD and metabolomic
profiling measurements obtained using Nightingale platform in UK Biobank cohort
(Geng et al., 2024). Similarly, to smaller studies, the results showed an improvement
in c-statistic from 0.82 (0.81-0.83) to 0.83 (0.82-0.84), when individual metabolites
were combined with some clinical measurements (Geng et al., 2024). Of the nine
metabolites added to the model developed by Geng et al (2024), only isoleucine and
glycoprotein acetyls overlapped with those selected in the results | presented in this
thesis. The differences in the metabolite selection, could at least in part be explained
by the fundamental differences between populations studied (e.g., UK Biobank
consists of general population with only a small proportion of those with T2DM (2%)
while ET2DS was specifically based on older people with T2DM), as the metabolome
is likely to be affected by factors such as age and disease status. In turn, this highlights
that the score based on LASSO selected metabolites in my study may not be
generalisable to a wider population and may be specific to the population studied,
potentially suggesting that the results of analysis may have been impacted by

overfitting.

Metabolomics studies focusing on improving CKD risk prediction in populations with
T2DM were more scarce. The metabolite profiling of baseline plasma specimens using
untargeted mass-spectrometry revealed several associations between uremic solutes
(metabolites known to accumulate in blood when kidneys are not filtering effectively)
and ESRD in Joslin Kidney Study cohort of T2DM patients (Niewczas et al., 2014).
Individually, these metabolites were independent predictors of kidney decline,
demonstrating similar effect size and statistical significance before and after
adjustment for clinical covariates such as albumin excretion rate, eGFR, and glycated
hemoglobin (HbA1c), and multiple comparisons. When all of these metabolites were

added to established CKD risk factors, the discrimination of individuals at risk of
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developing ESRD was very good with a c-statistic of 0.89 compared to c-statistic range
of 0.74-0.75 in models that only included a single metabolite combined with the risk
factors. However, the discrimination was not compared to a model without any

metabolites.

In summary, these studies demonstrate that, depending on the cohort and the chosen
metabolomics approach, different metabolites may be identified to potentially enhance
risk prediction. In contrast to my metabolomic analysis, which examined global
metabolomic profiles, many analyses from the exemplified studies evaluated the
predictive performance of metabolites identified from a specific subclass of

metabolites, such as uremic solutes, amino acids or lipids.

7.4.3 Predictive value of the MetS

A few previous studies developed metabolites-based scores to predict the risk of
incident CKD (Rhee et al., 2013), rapid CKD decline (Nkuipou-Kenfack et al., 2014,
Rhee et al.,, 2016) and CKD progression to ESRD (Zacharias et al., 2019) in the
general population as well as risk of CKD progression in people with T2DM (Solini et
al., 2016). All of these studies have shown some improvement in the risk prediction
when clinical covariates were combined with a metabolomic-based score. To the best
of my knowledge, no studies have combined multiple metabolites into a single multi-

metabolomic marker score to predict incident CKD specifically in people with T2DM.

In contrast to the well-established genetic risk scores within genomics, constructing
an equivalent score in metabolomics lacks a standardized approach and each study
varied in terms of methods. For example, Rhee et al. (2013) identified individual
metabolites significantly associated with incident CKD after adjustment for covariates
and multiple testing correction. Then, a stepwise logistic model on candidate
metabolites was applied, and those metabolites that remained significant in the
multivariable model were used to construct a multi-marker score based on the
regression coefficients. Alternative approach was adopted by Solini et al. (2016), who
utilized a machine learning technique called random forest (Breiman, 2001) to identify
the metabolites that are most correlated with the decline in kidney function, which were
then summed to calculate a score. Other similar examples of multi-marker score
development are available in the cardiovascular field. For instance, Wurtz et al. (2015)

employed a similar strategy as Rhee et al. (2013), where traditional regression models
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were employed to identify candidate metabolites, followed by a stepwise selection
process to determine the optimal combination of candidate metabolites, which were
combined into a risk score. In a different approach, Wang et al. (2019) employed
LASSO to initially select a compact set of candidate metabolites, which were
incorporated into traditional multivariable regression model to calculate the metabolite-
based risk score. This score was computed as the summation of selected metabolite
levels, taking into consideration the direction of their effects. Inspired by the concept
of polygenic risk scores in genetics and the previous studies described above, the
Metabolomics-based risk score (MetS) in ET2DS was formulated using a weighted
approach, a methodology extensively applied in various omics studies for integrating
high-dimensional data (Ganz et al., 2016, Hu et al., 2021).

Based on their weights, the top five contributors to the MetS in my study were
isoleucine, free cholesterol to lipids ratio in very small very low-density lipoprotein, 3-
hydroxybutyrate, lactate and 18-2, linoleic acid. Although some moderate correlations
were observed between traditional CKD predictors and components of the MetS (e.g.,
acetate and BMI), the updated risk prediction model with the MetS still showed some
improvement in predictive performance. This might suggest that some metabolites of
the MetS could lie on the pathways of traditional risk factors, but residual risk, which
could not be reflected by these factors, might be complemented by the MetS. It is
possible that metabolomic profiles could serve as mediators of association between
CKD and some risk factors unmeasured in the ET2DS, such as physical activities and
diet.

7.4.4 Metrics of the predictive performance

The updated risk prediction model in my study, incorporating components of the
reference risk prediction model combined with MetS, demonstrated a modest
improvement in discriminative capability, as indicated by the c-statistic rising from 0.80
(95% CI 0.76, 0.84) for re-fitted reference model to 0.84 (95% CI 0.80, 0.87) for the
updated model. The marginal improvement in my study could be attributed to the
effective performance of the reference model, consisting of 13 predictors with strong

effect sizes.

Interestingly, the prediction model containing only MetS combined with baseline eGFR

showed c-statistic of 0.81 (0.78, 0.85), which is very similar to the discrimination
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performance of the reference model. While this highlights the significant ability of a
plasma metabolite panel to predict disease to a comparable extent as clinical
parameters, even in the absence of additional patient information, it does not advocate
for the routine use of metabolomic measurements for prediction. In a similar vein,
observations for other markers identified from high-throughput screens suggest that
they may not substantially enhance the prediction of common complex diseases, such
as CKD (Paynter et al., 2010, O'Seaghdha et al., 2012).

Notably, c-statistics often exhibit insensitivity in reflecting improved model
performance when new biomarkers are introduced into a model already incorporating
robust predictors (Moons et al., 2012b, Price et al., 2017). As a result, there is a
recommendation to present reclassification metrics alongside c-statistics to provide a
comprehensive understanding of the additional predictive value offered by novel
biomarkers (Moons et al., 2012b, Pencina et al., 2011). The updated risk prediction
model incorporating the MetS, demonstrated an improved net reclassification in both,
the events group (NRlevent = 0.31; 95% CI: 0.13, 0.45) and the non-events group
(NRInon-event = 0.31; 95%CI: 0.16, 0.42). The NRI statistics presented here focus on the
movement of absolute predicted values after metabolomics score, MetS, was added
to the updated risk prediction model (Pencina et al., 2011). The positive statistics for
both groups affirmed that the updated model had shown improvement in risk
classification and suggested that the updated model is better at correctly assigning
individuals to their appropriate risk categories. The reclassification improvement in the
non-event group might help these people avoid unnecessary anxiety about potential
diagnosis and medication treatments that yield limited or no benefit. In contrast,
improvement in identification of individuals at higher risk of developing CKD permits
more intensive preventative strategies, which is crucial for slowing down kidney
function decline and developing further complications, such as increasing the risk of
CVD. Overall, improvement in classification of high and low risk patients has a
potential to optimise the use of healthcare resources. Nonetheless, considering that
the improvement in risk prediction was fairly modest (NRI values far from ideal of 1),
the cost of additional time and money for metabolomic profiling, MetS or similar scores
may not yield a sufficient benefit to advocate its use in a clinical setting. Furthermore,
while the statistically significant result indicated that adding MetS yielded improvement

in risk stratification, without further understanding of what the value means in terms of
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the proportion of individuals who would be reclassified to high or low risk it is difficult
to understand how clinically meaningful benefit is. However, at the time of writing this
thesis, there were no published guidelines on CKD risk categories, so | could not
conduct analysis of categorical NRI, which would determine proportions of individuals
that moved from one risk category to another. Hence limiting the clinical interpretation

of this analysis.

7.5 Future research

7.5.1 Metabolomic profiles of kidney function phenotypes in T2DM

While certain metabolites demonstrated a consistent association in both cross-
sectional and longitudinal analyses, the next natural step involves external validation
of these findings in larger independent cohorts. These populations should encompass
identical metabolites as measured in the ET2DS, and the cohorts should include
individuals with  T2DM spanning a broader range of age and ethnicities to
comprehensively assess the generalizability of the findings in this thesis. Once
identified metabolites are replicated in external populations, their etiological roles
could be further examined using genetic approaches, such as Mendelian
Randomization. For example, Mendelian Randomization found that blood triglycerides
had a potential causal role for incident CKD (Zhang et al., 2020b), while another study
revealed that genetically higher HDL cholesterol level may be causally associated with
improved kidney function (Lanktree et al., 2018). Moreover, systems biology
approaches, such as ingenuity pathways analysis, could also be conducted to
integrate gene and metabolite networks, in order to highlight links between biological

pathways (Komorowsky et al., 2012).

It would also be relevant to investigate whether the metabolomic profiles of CKD vary
between T1DM and T2DM, considering that T1IDM presents with varying clinical
features, disease progression and risk of complications (Teng et al., 2014, Ricciardi
and Gnudi, 2021). In T1DM, CKD is primarily attributed to diabetic nephropathy, where
chronic hyperglycaemia acts as the main pathogenetic factor and albuminuria is a well-
established risk factor (Ricciardi and Gnudi, 2021). In contrast, CKD in T2DM is a
combination of diabetic nephropathy, vascular, and interstitial kidney disease (Teng et
al., 2014). A previous study has identified some metabolites that differentiate between
CKD progression in TIDM and T2DM (Manca et al., 2021), but there is a need for

studies to also explore the metabolomic features related to new-onset CKD in these
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groups of patients. On a similar note, it would also be interesting to investigate whether
the metabolomic profiles of CKD vary among different subtypes of T2DM. Despite
diabetes traditionally being classified as T1DM and T2DM, the latter exhibits
considerable heterogeneity in clinical presentation and progression. Ahlqgvist et al.
(2018) using six clinical variables, proposed a refined classification of T2DM into five
subgroups with distinct disease progression and complication risks. A previous study
already identified some distinct features of metabolomic profiles in the four T2DM
subtypes (Zaghlool et al., 2022). Future research could delve further into the
metabolomic signatures of CKD within these diabetes subtypes, potentially shedding
light on the pathophysiological mechanisms contributing to the heterogeneity of renal
decline risk among individuals with T2DM. In addition, identifying metabolomic
features that differentiate between albuminuric and non-albuminuric CKD in people
with diabetes would also be of interest as there is a growing body of research, which
revealed significant differences in the sets of risk factors, renal morphology,
comorbidity, and outcomes for these phenotypes (Pugliese et al., 2020). However, the
molecular mechanisms of albuminuric and non-albuminuric CKD remain to be
explored and metabolomic profiling may help to elucidate the pathophysiology behind

these different phenotypes.

The variation in metabolite concentrations over time can be influenced by factors like
intra-individual fluctuations and physiological conditions (e.g., physical exercise)
(Nayor et al., 2020). In the ET2DS and most existing metabolomic studies,
metabolomic profiles are typically measured at a single time point. Implementing
repeated measurements of metabolomic data enables the calculation of mean and
deviation in metabolite concentrations, providing a more accurate depiction of
metabolomic signatures compared to a single-time snapshot. Exploring dynamic
changes (e.g., trajectory) in metabolites through repeated measurements at multiple
time points could offer valuable insights into the association between these changes
and CKD. This approach may contribute to a better understanding of how
environmental factors (e.g., diet, exercise, drug use) impact the molecular-level
development of CKD (Kofink et al., 2017).
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7.5.2 Combining metabolites and traditional risk factors for predicting 5-

year CKD in Type 2 Diabetes Mellitus
The ultimate goal for any risk stratification tool is its integration into clinical practice.
The research presented in this thesis should be viewed as an initial step in exploring
the potential application of metabolomics for developing a novel tool. Before
progressing to an evaluation of clinical utility, it is imperative to replicate these findings
in external populations with T2DM. Once the generalizability and consistency of the
findings are established across studies, clinical trials treating the MetS as an
'intervention' will be essential to determine if these equations can improve care and
CKD outcomes in real-world scenarios. For instance, a forthcoming study could
explore whether directing resources toward individuals at the highest risk of
developing CKD enhances the management of blood pressure and/or promotes
weight loss. Subsequent research could also investigate whether administering
medications to address albuminuria or manage diabetes might serve as a preventive

measure against the onset of reduced eGFR in individuals at risk.

Additionally, economic modelling will be necessary to evaluate the cost-effectiveness
of implementing the MetS in clinical practice. Given the constrained additional value
of MetS compared to readily available demographic variables and clinical measures
like age, medication use and BMI, one could argue that the modest improvement in
predictive capability may not be significant enough to warrant the cost. Alternatively,
the risk prediction score updated with MetS may be best employed in smaller settings,
such as clinical trials where stratifying the randomisation of patients by high (or low)
levels of risk may ensure that different groups in clinical trials have similar risk levels
for outcomes. Alternatively, it could be used to recruit high-risk patients who are more
likely to have clinical outcomes, therefore reducing the sample size required to achieve

sufficient power to address the question,

7.6 Conclusions

In conclusion, this current study involving a cohort of elderly individuals with T2DM
revealed extensive alterations in the metabolomic profile associated with CKD,
particularly in lipoproteins and their lipid constituents. Elevated HDL components were
observed in individuals with better kidney function, whereas VLDL, triglycerides, and

specific amino acids exhibited increased levels in those with poorer kidney function.
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Low molecular-weight molecules, namely ApoA1, total choline, glucose and
isoleucine, had a consistent association with cross-sectional and prospective
outcomes. Subsequent replication studies are imperative to validate the longitudinal
observations and elucidate whether the metabolic signals identified at baseline can

reliably predict outcomes of kidney function decline.

Combining metabolites related to fluid balance, ketone bodies, amino acids, fatty
acids, glycolysis, and lipoproteins into a multi-marker risk score, MetS, demonstrated
a modest, but positive improvement in predicting the risk of five-year incident CKD in
individuals with T2DM, over and above traditional risk factors. The subsequent step
involves external validation of these findings, and, contingent upon the outcomes, it
would be relevant to explore the potential use of a metabolomic risk score in other

research settings such as clinical trials.
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Appendices

Appendix A- publications and presentations

This section contains the titles and abstracts for the work | published during my PhD
studies with my supervisors and colleagues.

Publication(s):

Exploration of metabolomic markers associated with declining kidney function in people with
type 2 diabetes mellitus (2024)

Authors: Justina Krasauskaite, Bryan Conway, Christopher Weir, Zhe Huang, Jackie Price
Abstract

Background: Metabolomics, the study of small molecules in biological systems, can provide valuable
insights into kidney dysfunction in people with type 2 diabetes mellitus (T2DM), but prospective studies
are scarce. We investigated the association between metabolites and kidney function decline in people
with T2DM.

Methods: The Edinburgh Type 2 Diabetes Study, a population-based cohort of 1066 men and women
aged 60-75 years with T2DM. We measured 149 serum metabolites at baseline and investigated
individual associations with baseline estimated glomerular filtration rate (¢GFR), incident chronic kidney
disease (CKD, eGFR <60ml/min/(1.73m)2) and decliner status (5% eGFR decline per year).

Results: At baseline, mean eGFR was 77.5ml/min/(1.73m)2, N=1058) and 216 individuals had evidence
of CKD. Of those without CKD, 155 developed CKD over a median 7-year follow-up. Eighty-eight
metabolites were significantly associated with baseline eGFR (B range -4.08 to 3.92; PFDR<0.001).
Very low density lipoproteins, triglycerides, amino acids (AAs), glycoprotein acetyls, and fatty acids
showed inverse associations, while cholesterol and phospholipids in high density lipoproteins exhibited
positive associations. AA isoleucine, apolipoprotein A1 (ApoA1) and total cholines were not only
associated with baseline kidney measures (PFDR<0.05), but also showed stable, nominally significant
association with incident CKD and decline.

Conclusion: Our study revealed widespread changes within the metabolomic profile of CKD, particularly
in lipoproteins and their lipid compounds. We identified a smaller number of individual metabolites which
specifically associated with kidney function decline. Replication studies are needed to confirm the
longitudinal findings and explore if metabolic signals at baseline can predict kidney decline.

Combining serum metabolomic profiles with traditional risk factors improves 10-year
cardiovascular risk prediction in people with type 2 diabetes (2023)

Authors: Zhe Huang, Lucija Klaric, Justina Krasauskaite, Wardah Khalid, Mark W J Strachan,
James F Wilson, Jackie F Price

Aims: To identify a group of metabolites associated with incident cardiovascular disease (CVD) in
people with type 2 diabetes and assess its predictive performance over-and-above a current CVD risk
score (QRISK3).

Methods and results: A panel of 228 serum metabolites was measured at baseline in 1066 individuals
with type 2 diabetes (Edinburgh Type 2 Diabetes Study) who were then followed up for CVD over the
subsequent 10 years. We applied 100 repeats of Cox least absolute shrinkage and selection operator
to select metabolites with frequency >90% as components for a metabolites-based risk score (MRS).
The predictive performance of the MRS was assessed in relation to a reference model that was based
on QRISK3 plus prevalent CVD and statin use at baseline. Of 1021 available individuals, 255 (25.0%)
developed CVD (median follow-up: 10.6 years). Twelve metabolites relating to fluid balance, ketone
bodies, amino acids, fatty acids, glycolysis, and lipoproteins were selected to construct the MRS that
showed positive association with 10-year cardiovascular risk following adjustment for traditional risk
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factors [hazard ratio (HR) 2.67; 95% confidence interval (Cl) 1.96, 3.64]. The c-statistic was 0.709
(95%CI 0.679, 0.739) for the reference model alone, increasing slightly to 0.728 (95%Cl 0.700, 0.757)
following addition of the MRS. Compared with the reference model, the net reclassification index and
integrated discrimination index for the reference model plus the MRS were 0.362 (95%CI 0.179, 0.506)
and 0.041 (95%Cl 0.020, 0.071), respectively.

Conclusion: Metabolomics data might improve predictive performance of current CVD risk scores based
on traditional risk factors in people with type 2 diabetes. External validation is warranted to assess the
generalizability of improved CVD risk prediction using the MRS.

Serum metabolomic profiles associated with subclinical and clinical cardiovascular phenotypes
in people with type 2 diabetes (2022)

Authors: Zhe Huang, Lucija Klaric, Justina Krasauskaite, Stela McLachlan, Mark W. J. Strachan,
James F. Wilson & Jackie F. Price

Abstract

Background: Atherosclerotic cardiovascular diseases (CVD) is the leading cause of death in diabetes,
but the full range of biomarkers reflecting atherosclerotic burden and CVD risk in people with diabetes
is unknown. Metabolomics may help identify novel biomarkers potentially involved in development of
atherosclerosis. We investigated the serum metabolomic profile of subclinical atherosclerosis,
measured using ankle brachial index (ABI), in people with type 2 diabetes, compared with the profile
for symptomatic CVD in the same population.

Methods: The Edinburgh Type 2 Diabetes Study is a cohort of 1,066 individuals with type 2 diabetes.
ABI was measured at baseline, years 4 and 10, with cardiovascular events assessed at baseline and
during 10years of follow-up. A panel of 228 metabolites was measured at baseline using nuclear
magnetic resonance spectrometry, and their association with both ABI and prevalent CVD was explored
using univariate regression models and least absolute shrinkage and selection operator (LASSO).
Metabolites associated with baseline ABI were further explored for association with follow-up ABI and
incident CVD.

Results: Mean (standard deviation, SD) ABI at baseline was 0.97 (0.18, N =1025), and prevalence of
CVD was 35.0%. During 10-year follow-up, mean (SD) change in ABI was + 0.006 (0.178, n =436), and
257 CVD events occurred. Lactate, glycerol, creatinine and glycoprotein acetyls levels were associated
with baseline ABI in both univariate regression [Bs (95% confidence interval, Cl) ranged from —0.025
(-0.036, —0.015) to — 0.023 (- 0.034, - 0.013), all p<0.0002] and LASSO analysis. The associations
remained nominally significant after adjustment for major vascular risk factors. In prospective analyses,
lactate was nominally associated with ABl measured at years 4 and 10 after adjustment for baseline
ABI. The four ABl-associated metabolites were all positively associated with prevalent CVD [odds ratios
(ORs) ranged from 1.29 (1.13, 1.47) to 1.49 (1.29, 1.74), all p <0.0002], and they were also positively
associated with incident CVD [ORs (95% CI) ranged from 1.19 (1.02, 1.39) to 1.35 (1.17, 1.56), all
p <0.05].

Conclusions: Serum metabolites relating to glycolysis, fluid balance and inflammation were
independently associated with both a marker of subclinical atherosclerosis and with symptomatic CVD
in people with type 2 diabetes. Additional investigation is warranted to determine their roles as possible
etiological and/or predictive biomarkers for atherosclerotic CVD.

Conference abstracts

58 th EASD Annual Meeting of the European Association for the Study of
Diabetes

Identification of markers for predicting the onset of chronic kidney disease in older people with type 2
diabetes by metabolomic profiling: Edinburgh Type 2 Diabetes Study
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J. Krasauskaite, B.R. Conway, C.J. Weir, Z. Huang, J.F. Price

Background and aims: Renal disease affects a large proportion of people with type 2 diabetes and it is
associated with excess morbidity/ mortality. While well-established clinical biomarkers, namely
estimated glomerular filtration rate (eGFR) and albuminuria are used in routine screening, these
markers do not explain all of the risk. Hence, the search for new markers is a high priority. Metabolomics
may reveal novel markers of chronic kidney disease (CKD) that could aid identification of patients at
higher risk of renal impairment and improve risk prediction of incident CKD. We aimed to identify
significant associations between metabolites and the clinically relevant outcome of incident CKD in a
Scottish population of older people with type 2 diabetes and to evaluate the ability of metabolites to
predict CKD onset.

Materials and methods: The Edinburgh type 2 diabetes Study (ET2DS) is a population-based cohort of
1,058 adults (49% female) with type 2 diabetes, aged 60-75 years. Nightingale metabolomic platform
was used to measure 149 serum metabolite concentrations at baseline. Kidney function was determined
by eGFR, calculated using the CKD-EPI equation. Incident CKD was defined as 2 of 3 eGFR records
<60mL/min/1.73 m2 during follow-up. An initial multivariable-adjusted discovery screen considered the
correlation between each metabolite and baseline eGFR (adjusted for age and sex). Metabolites that
were significantly associated with eGFR were then related to incident CKD events in logistic regression
analysis adjusted for known clinical risk factors. Risk prediction analysis involved refitting a published
risk prediction model for incident CKD to evaluate the complementary value of significant metabolites.

Results: There were 823 participants in ET2DS with no CKD based on eGFR records at baseline and
217 (26%) experienced new onset CKD during follow-up (median= 6.8 years [IQR 0.9- 7.6]). Corrected
for multiple testing, 68 metabolites were significantly associated with baseline eGRF (Bonferroni
corrected p<0.00034). Of these, only amino acid phenylalanine (Phe) was significantly associated with
incident CKD after adjustment for known clinical risk factors (OR 0.73 [95% CI 0.60- 0.89], p=0.002).
Phe was added to the published risk prediction model containing the clinical variables (eGFR, age, sex,
BMI, use of diabetes medications, cardiovascular disease history, smoking, hypertension, HbA1c,
albumin-to-creatinine ratio). Phe remained significant in this model and higher levels of Phe reduced
risk of CKD onset (HR 0.80, [95% CI 0.68-0.93] per unit of SD, p-value= 0.004). However, Phe yielded
only a small improvement in risk prediction (original model concordance (c )-statistic 0.81 [95% CI 0.79-
0.84], model +Phe c-statistic 0.82 [95% CI 0.79-0.84].

Conclusion: Amino acid Phe was associated with incident CKD in people with type 2 diabetes, although,
it did not improve an already well performing risk prediction model. It is possible to hypothesise that a
more sophisticated multivariable analysis may reveal a combination of metabolites associated with CKD
onset that together may improve the risk prediction.

Diabetes UK, 2022

Associations between metabolomic profiles and chronic kidney disease in older people with type 2
diabetes: The Edinburgh Type 2 Diabetes Study (ET2DS)

J. Krasauskaite; B. R. Conway; C. J. Weir; J. F. Price

Aims: One of the most prevalent co-morbidities of type 2 diabetes is chronic kidney disease (CKD), with
18-30% prevalence. Metabolomics may reveal novel markers of CKD that could aid identification of
patients at higher risk, but studies in type 2 diabetes populations are scarce. This discovery study aimed
to identify metabolomic markers associated with CKD in a Scottish population of older people with type
2 diabetes.

Methods: The ET2DS is population-based cohort of people with type 2 diabetes, aged 60-75 years.
Nightingale metabolomic platform measured 149 serum metabolites in 1,058 adults (48.7% female).
Kidney function was determined by estimated glomerular filtration rate, eGFR, calculated using CKD-
EPI equation. CKD at baseline was defined as persistently reduced eGFR <60mL/min/1.73 m2 or
albuminuria on = 2 of 3 samples taken within 2 years prior to baseline. Univariable analysis considered
each metabolite independently and associations were determined using linear regression for eGFR and
logistic regression for CKD.
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Results: At ET2DS baseline, 352 (33%) participants had evidence of CKD. 38 metabolites were
significantly associated with the outcomes after adjustment for age, sex and significance threshold
correction for multiple comparisons. Results revealed subtle but significant changes in lipid subclasses,
glycoprotein acetyls (inflammation marker) and glycolysis metabolites in participants with CKD
compared to those without.

Summary: Assessment of metabolomic profiles in the ET2DS identified a substantial number of
metabolites with altered serum levels in people with existing CKD. These results encourage further
multivariable analysis and evaluation of metabolomic markers as predictors of future kidney function
decline in unaffected individuals.

Appendix B- supplementary material for results reported
on ET2DS

Table S5-1. Description of metabolites measured in ET2DS (n=1058).

HDL- high density lipoprotein; IDL- intermediate density lipoprotein; LDL- low density lipoprotein; VLDL
— very low density lipoprotein; SD- standard deviation; g/l- grams per liter; mol/I- moles epr litre; mmol/I

— milimoles per litre.

Variable Variable description Subclass Units Media | Mean N | NU
name n (SD) A, | LL,
n | n

XXL_VLDL_ | Concentration of | Lipoprotein | mol/l 0 0.000 0| 265
P chylomicrons and extremely | VLDL (0.000)

large VLDL particles
XXL_VLDL_ | Total lipids in chylomicrons | Lipoprotein | mmol/l | 0.015 | 0.022 0| 265
L and extremely large VLDL VLDL (0.028)
XXL_VLDL_ | Phospholipids in | Lipoprotein | mmol/l | 0.001 | 0.002 0| 265
PL chylomicrons and extremely | VLDL (0.004)

large VLDL
XXL_VLDL_ | Total cholesterol in | Lipoprotein | mmol/l | 0.003 | 0.004 0| 265
C chylomicrons and extremely | VLDL (0.005)

large VLDL
XXL_VLDL_ | Cholesterol esters in | Lipoprotein | mmol/l | 0.002 | 0.002 0| 265
CE chylomicrons and extremely | VLDL (0.003)

large VLDL
XXL_VLDL_ | Free cholesterol in | Lipoprotein | mmol/l | 0.001 | 0.002 0| 265
FC chylomicrons and extremely | VLDL (0.002)

large VLDL
XXL_VLDL_ | Triglycerides in | Lipoprotein | mmol/l | 0.01 0.016 0| 265
TG chylomicrons and extremely | VLDL (0.020)

large VLDL
XL_VLDL_P | Concentration of very large | Lipoprotein | mol/l 0 0.000 0] 243

VLDL particles VLDL (0.000)
XL_VLDL_L | Total lipids in very large | Lipoprotein | mmol/l | 0.051 | 0.074 0| 243

VLDL VLDL (0.084)
XL_VLDL_P | Phospholipids in very large | Lipoprotein | mmol/l | 0.007 | 0.011 0243
L VLDL VLDL (0.014)
XL_VLDL_C | Total cholesterol in very | Lipoprotein | mmol/l | 0.008 | 0.012 0243

large VLDL VLDL (0.016)
XL_VLDL_C | Cholesterol esters in very | Lipoprotein | mmol/l | 0.005 | 0.007 0243
E large VLDL VLDL (0.008)
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XL_VLDL_F | Free cholesterol in very | Lipoprotein | mmol/l | 0.003 | 0.005 243
C large VLDL VLDL (0.007)
XL_VLDL_T | Triglycerides in very large | Lipoprotein | mmol/l | 0.036 | 0.050 243
G VLDL VLDL (0.055)
L_VLDL_P Concentration of large | Lipoprotein | mol/l 0 0.000 57
VLDL particles VLDL (0.000)
L_VLDL_L Total lipids in large VLDL Lipoprotein | mmol/l | 0.29 0.359 57
VLDL (0.288)
L_VLDL_PL | Phospholipidsinlarge VLDL | Lipoprotein | mmol/l | 0.053 | 0.066 57
VLDL (0.052)
L_VLDL_C Total cholesterol in large | Lipoprotein | mmol/l | 0.062 | 0.077 57
VLDL VLDL (0.062)
L_VLDL_CE | Cholesterol esters in large | Lipoprotein | mmol/l | 0.036 | 0.042 57
VLDL VLDL (0.030)
L_VLDL_FC | Free cholesterol in large | Lipoprotein | mmol/l | 0.026 | 0.034 57
VLDL VLDL (0.033)
L_VLDL_TG | Triglycerides in large VLDL | Lipoprotein | mmol/l | 0.174 | 0.217 57
VLDL (0.175)
M_VLDL_P Concentration of medium | Lipoprotein | mol/l 0 0.000 0
VLDL particles VLDL (0.000)
M_VLDL_L Total lipids in medium VLDL | Lipoprotein | mmol/l | 0.636 | 0.719 0
VLDL (0.411)
M_VLDL_PL | Phospholipids in medium | Lipoprotein | mmol/l | 0.128 | 0.144 0
VLDL VLDL (0.077)
M_VLDL_C Total cholesterol in medium | Lipoprotein | mmol/l | 0.165 | 0.184 0
VLDL VLDL (0.096)
M_VLDL_CE | Cholesterol esters in | Lipoprotein | mmol/l | 0.092 | 0.102 0
medium VLDL VLDL (0.047)
M_VLDL_FC | Free cholesterol in medium | Lipoprotein | mmol/l | 0.072 0.082 0
VLDL VLDL (0.051)
M_VLDL_TG | Triglycerides in medium | Lipoprotein | mmol/l | 0.339 | 0.391 0
VLDL VLDL (0.242)
S VLDL_P Concentration of small | Lipoprotein | mol/l 0 0.000 0
VLDL particles VLDL (0.000)
S _VLDL_L Total lipids in small VLDL Lipoprotein | mmol/l | 0.617 | 0.653 0
VLDL (0.235)
S_VLDL_PL | Phospholipids in small | Lipoprotein | mmol/l | 0.15 0.157 0
VLDL VLDL (0.048)
S_VLDL_C Total cholesterol in small | Lipoprotein | mmol/l | 0.192 | 0.200 0
VLDL VLDL (0.067)
S_VLDL_CE | Cholesterol esters in small | Lipoprotein | mmol/l | 0.106 | 0.111 0
VLDL VLDL (0.040)
S_VLDL_FC | Free cholesterol in small | Lipoprotein | mmol/l | 0.084 | 0.088 0
VLDL VLDL (0.032)
S_VLDL_TG | Triglycerides in small VLDL | Lipoprotein | mmol/l | 0.276 | 0.297 0
VLDL (0.131)
XS_VLDL_P | Concentration of very small | Lipoprotein | mol/l 0 0.000 2
VLDL particles VLDL (0.000)
XS_VLDL_L | Total lipids in very small | Lipoprotein | mmol/l | 0.428 | 0.442 2
VLDL VLDL (0.113)
XS_VLDL_P | Phospholipids in very small | Lipoprotein | mmol/l | 0.133 | 0.138 2
L VLDL VLDL (0.037)
XS_VLDL_C | Total cholesterol in very | Lipoprotein | mmol/l | 0.175 | 0.180 2
small VLDL VLDL (0.054)
XS_VLDL_C | Cholesterol esters in very | Lipoprotein | mmol/l | 0.11 0.113 2
E small VLDL VLDL (0.039)
XS_VLDL_F | Free cholesterol in very | Lipoprotein | mmol/l | 0.065 | 0.067 2
C small VLDL VLDL (0.019)
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XS_VLDL_T | Triglycerides in very small | Lipoprotein | mmol/l | 0.117 | 0.124 2
G VLDL VLDL (0.043)

IDL_P Concentration of IDL | Lipoprotein | mol/l 0 0.000 0
particles IDL (0.000)

IDL_L Total lipids in IDL Lipoprotein | mmol/l | 0.825 | 0.853 0
IDL (0.234)

IDL_PL Phospholipids in IDL Lipoprotein | mmol/l | 0.238 | 0.244 0
IDL (0.062)

IDL_C Total cholesterol in IDL Lipoprotein | mmol/l | 0.475 | 0.490 0
IDL (0.156)

IDL_CE Cholesterol esters in IDL Lipoprotein | mmol/l | 0.331 | 0.344 0
IDL (0.109)

IDL_FC Free cholesterol in IDL Lipoprotein | mmol/l | 0.143 | 0.146 0
IDL (0.049)

IDL_TG Triglycerides in IDL Lipoprotein | mmol/l | 0.113 | 0.119 0
IDL (0.035)

L LDL_P Concentration of large LDL | Lipoprotein | mol/l 0 0.000 0
particles LDL (0.000)

L LDL_L Total lipids in large LDL Lipoprotein | mmol/l | 0.98 1.011 0
LDL (0.290)

L_LDL_PL Phospholipids in large LDL | Lipoprotein | mmol/l | 0.264 | 0.270 0
LDL (0.060)

L LDL_C Total cholesterol in large | Lipoprotein | mmol/l | 0.626 | 0.646 0
LDL LDL (0.212)

L_LDL_CE Cholesterol esters in large | Lipoprotein | mmol/l | 0.444 | 0.459 0
LDL LDL (0.160)

L_LDL_FC Free cholesterol in large | Lipoprotein | mmol/l | 0.183 | 0.187 0
LDL LDL (0.053)

L LDL_TG Triglycerides in large LDL Lipoprotein | mmol/l | 0.09 0.095 0
LDL (0.029)

M_LDL_P Concentration of medium | Lipoprotein | mol/l 0 0.000 0
LDL particles LDL (0.000)

M_LDL_L Total lipids in medium LDL | Lipoprotein | mmol/l | 0.567 | 0.586 0
LDL (0.179)

M_LDL_PL Phospholipids in medium | Lipoprotein | mmol/l | 0.165 | 0.169 0
LDL LDL (0.035)

M_LDL_C Total cholesterol in medium | Lipoprotein | mmol/l | 0.356 | 0.369 0
LDL LDL (0.136)

M_LDL_CE Cholesterol esters in | Lipoprotein | mmol/l | 0.246 | 0.258 0
medium LDL LDL (0.112)

M_LDL_FC Free cholesterol in medium | Lipoprotein | mmol/l | 0.109 | 0.111 0
LDL LDL (0.025)

M_LDL_TG Triglycerides in  medium | Lipoprotein | mmol/l | 0.046 | 0.048 0
LDL LDL (0.015)

S_LDL_P Concentration of small LDL | Lipoprotein | mol/l 0 0.000 1
particles LDL (0.000)

S LDL_L Total lipids in small LDL Lipoprotein | mmol/l | 0.36 0.371 1
LDL (0.112)

S_LDL_PL Phospholipids in small LDL | Lipoprotein | mmol/l | 0.119 | 0.121 1
LDL (0.025)

S LDL_C Total cholesterol in small | Lipoprotein | mmol/l | 0.211 0.218 1
LDL LDL (0.083)

S _ LDL_CE Cholesterol esters in small | Lipoprotein | mmol/l | 0.149 | 0.156 1
LDL LDL (0.068)

S LDL_FC Free cholesterol in small | Lipoprotein | mmol/l | 0.061 | 0.062 1
LDL LDL (0.016)

S LDL_TG Triglycerides in small LDL Lipoprotein | mmol/l | 0.03 0.032 1
LDL (0.011)
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XL_HDL_P Concentration of very large | Lipoprotein | mol/l 0 0.000 347
HDL particles HDL (0.000)
XL_HDL_L Total lipids in very large | Lipoprotein | mmol/l | 0.18 0.202 347
HDL HDL (0.204)
XL_HDL_PL | Phospholipids in very large | Lipoprotein | mmol/l | 0.124 | 0.127 347
HDL HDL (0.122)
XL_HDL_C Total cholesterol in very | Lipoprotein | mmol/l | 0.05 0.069 347
large HDL HDL (0.081)
XL_HDL_CE | Cholesterol esters in very | Lipoprotein | mmol/l | 0.021 | 0.040 347
large HDL HDL (0.053)
XL_HDL_FC | Free cholesterol in very | Lipoprotein | mmol/l | 0.029 | 0.030 347
large HDL HDL (0.029)
XL_HDL_TG | Triglycerides in very large | Lipoprotein | mmol/l | 0.003 | 0.005 347
HDL HDL (0.007)
L_HDL_P Concentration of large HDL | Lipoprotein | mol/l 0 0.000 221
particles HDL (0.000)
L_HDL_L Total lipids in large HDL Lipoprotein | mmol/l | 0.42 0.445 221
HDL (0.341)
L_HDL_PL Phospholipids in large HDL | Lipoprotein | mmol/l | 0.243 | 0.239 221
HDL (0.166)
L_HDL_C Total cholesterol in large | Lipoprotein | mmol/l | 0.164 | 0.192 221
HDL HDL (0.168)
L_HDL_CE Cholesterol esters in large | Lipoprotein | mmol/l | 0.132 | 0.153 221
HDL HDL (0.130)
L_HDL_FC Free cholesterol in large | Lipoprotein | mmol/l | 0.031 | 0.039 221
HDL HDL (0.038)
L_HDL_TG Triglycerides in large HDL Lipoprotein | mmol/l | 0.012 | 0.014 221
HDL (0.014)
M_HDL_P Concentration of medium | Lipoprotein | mol/l 0 0.000 1
HDL particles HDL (0.000)
M_HDL_L Total lipids in medium HDL | Lipoprotein | mmol/l | 0.89 0.898 1
HDL (0.196)
M_HDL_PL Phospholipids in medium | Lipoprotein | mmol/l | 0.416 | 0.420 1
HDL HDL (0.084)
M_HDL_C Total cholesterol in medium | Lipoprotein | mmol/l | 0.419 | 0.422 1
HDL HDL (0.109)
M_HDL_CE Cholesterol esters in | Lipoprotein | mmol/l | 0.34 0.343 1
medium HDL HDL (0.087)
M_HDL_FC Free cholesterol in medium | Lipoprotein | mmol/l | 0.078 | 0.079 1
HDL HDL (0.023)
M_HDL_TG | Triglycerides in medium | Lipoprotein | mmol/l | 0.055 | 0.056 1
HDL HDL (0.013)
S_HDL_P Concentration of small HDL | Lipoprotein | mol/l 0 0.000 0
particles HDL (0.000)
S_HDL_L Total lipids in small HDL Lipoprotein | mmol/l | 1.21 1.213 0
HDL (0.126)
S_HDL_PL Phospholipids in small HDL | Lipoprotein | mmol/l | 0.619 | 0.623 0
HDL (0.082)
S_HDL_C Total cholesterol in small | Lipoprotein | mmol/l | 0.532 | 0.528 0
HDL HDL (0.066)
S _HDL_CE Cholesterol esters in small | Lipoprotein | mmol/l | 0.414 | 0.411 0
HDL HDL (0.059)
S_HDL_FC Free cholesterol in small | Lipoprotein | mmol/l | 0.116 | 0.118 0
HDL HDL (0.015)
S HDL_TG Triglycerides in small HDL Lipoprotein | mmol/l | 0.061 | 0.061 0
HDL (0.014)
VLDL_D Mean diameter for VLDL | Lipoprotein | nm 37.36 | 37.437 0
particles particle (1.476)
sizes
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LDL_D Mean diameter for LDL | Lipoprotein | nm 23.55 | 23.560 0
particles particle (0.197)
sizes
HDL_D Mean diameter for HDL | Lipoprotein | nm 9.651 | 9.678 0
particles particle (0.249)
sizes
Serum_C Serum total cholesterol Cholesterol | mmol/l | 3.529 | 3.605 0
(0.794)
VLDL_C Total cholesterol in VLDL Cholesterol | mmol/l | 0.612 | 0.658 0
(0.247)
Remnant_C | Remnant cholesterol (non- | Cholesterol | mmol/l | 1.093 | 1.148 0
HDL, non-LDL -cholesterol) (0.333)
LDL_C Total cholesterol in LDL Cholesterol | mmol/l | 1.19 1.234 0
(0.428)
HDL_C Total cholesterol in HDL Cholesterol | mmol/l | 1.184 | 1.224 0
(0.325)
HDL2_C Total cholesterol in HDL2 Cholesterol | mmol/l | 0.736 | 0.770 1
(0.308)
HDL3_C Total cholesterol in HDL3 Cholesterol | mmol/l | 0.452 | 0.454 0
(0.030)
EstC Esterified cholesterol Cholesterol | mmol/l | 2.508 | 2.568 0
(0.580)
FreeC Free cholesterol Cholesterol | mmol/l | 1.013 | 1.039 0
(0.227)
Serum_TG Serum total triglycerides Glycerides | mmol/l | 1.393 | 1.532 0
& (0.715)
phospholipi
d
VLDL_TG Triglycerides in VLDL Glycerides | mmol/l | 0.962 | 1.098 0
& (0.646)
phospholipi
d
LDL_TG Triglycerides in LDL Glycerides | mmol/l | 0.167 | 0.174 0
& (0.054)
phospholipi
d
HDL_TG Triglycerides in HDL Glycerides | mmol/l | 0.136 | 0.141 0
& (0.034)
phospholipi
d
TotPG Total phosphoglycerides Glycerides | mmol/l | 1.661 | 1.684 0
& (0.334)
phospholipi
d
PC Phosphatidylcholine and | Glycerides | mmol/l | 1.765 | 1.790 0
other cholines & (0.310)
phospholipi
d
SM Sphingomyelins Glycerides | mmol/l | 0.403 | 0.409 0
& (0.072)
phospholipi
d
TotCho Total cholines Glycerides | mmol/l | 2.094 | 2.119 0
& (0.340)
phospholipi
d
ApoA1 Apolipoprotein A-I Apolipoprot | g/l 1.361 1.381 0
ein (0.190)
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ApoB Apolipoprotein B Apolipoprot | g/l 0.762 0.793 0|0
ein (0.186)

ApoB/ApoA | Ratio of Apolipoprotein B to | Apolipoprot 0.567 | 0.582 0|0
1 Apolipoprotein A-| ein (0.142)

TotFA Total fatty acids Fatty acids | mmol/l | 9.548 | 9.896 110
(2.254)

UnSat Estimated degree of | Fatty acids 1.22 1.224 110
unsaturation (0.093)

DHA 22:6, docosahexaenoic acid | Fatty acids | mmol/l | 0.188 | 0.194 110
(0.060)

LA 18:2, linoleic acid Fatty acids | mmol/l | 2.475 | 2.515 110
(0.522)

FAw3 Omega-3 fatty acids Fatty acids | mmol/l | 0.545 | 0.568 110
(0.145)

FAw6 Omega-6 fatty acids Fatty acids | mmol/l | 3.1 3.133 110
(0.605)

PUFA Polyunsaturated fatty acids | Fatty acids | mmol/l | 3.661 | 3.701 110
(0.696)

MUFA Monounsaturated fatty | Fatty acids | mmol/l | 2.435 | 2.593 110
acids; 16:1, 18:1 (0.910)

SFA Saturated fatty acids Fatty acids | mmol/l | 3.462 | 3.601 110
(0.921)

DHA_FA Fatty acids 1.940 | 1.995 110
(0.574)

LA FA Fatty acids 2556 | 25.810 |1 0
0 (4.069)

FAw3 FA Fatty acids 5.707 | 5.832 1 0
1.283)

FAw6_FA Fatty acids 31.94 | 32150 |1 0
0 (4.485)

PUFA_FA Fatty acids 37.68 | 37.982 |1 0
0 (5.067)

MUFA_FA Fatty acids 2591 | 25.747 |1 0
0 (4.434)

SFA_FA Fatty acids 36.29 | 36.272 |1 0
0 (2.563)

Glc Glucose Glycolysis- | mmol/l | 6.226 | 6.498 110
related (1.682)

Lac Lactate Glycolysis- | mmol/l | 1.356 | 1.437 0|0
related (0.438)

Pyr Pyruvate Glycolysis- | mmol/l | 0.063 | 0.071 21|10
related (0.036)

Cit Citrate Glycolysis- | mmol/l | 0.136 | 0.138 0|0
related (0.023)

Glol Glycerol Glycolysis- | mmol/l | 0.09 0.095 3|0
related (0.030)

Ala Alanine Amino mmol/l | 0.344 | 0.350 0|0
acids (0.057)

GIn Glutamine Amino mmol/l | 0.434 | 0.436 00
acids (0.062)

Gly Glycine Amino mmol/l | 0.249 | 0.256 0|0
acids (0.044)

His Histidine Amino mmol/l | 0.052 | 0.052 110
acids (0.009)

lle Isoleucine Amino mmol/l | 0.071 | 0.073 0|0
acids (0.017)

Leu Leucine Amino mmol/l | 0.077 | 0.079 0|0
acids (0.016)
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Val Valine Amino mmol/l | 0.179 | 0.180 0
acids (0.033)

Phe Phenylalanine Amino mmol/l | 0.08 0.081 0
acids (0.012)

Tyr Tyrosine Amino mmol/l | 0.053 | 0.055 0
acids (0.013)

Ace Acetate Ketone mmol/l | 0.037 | 0.039 0
bodies (0.011)

AcAce Acetoacetate Ketone mmol/l | 0.04 0.047 0
bodies (0.027)

bOHBut 3-hydroxybutyrate Ketone mmol/l | 0.121 | 0.148 0
bodies (0.098)

Crea Creatinine Fluid mmol/l | 0.063 | 0.068 0
balance (0.022)

Alb Albumin Fluid signal | 0.095 | 0.095 0
balance area (0.006)

Gp Glycoprotein acetyls, mainly | Inflammatio | mmol/l | 1.383 | 1.421 0
a1-acid glycoprotein n (0.282)
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Figure S5.1. Histograms of individual metabolites measured in ET2DS (full names can be found
in the Appendix B, Table S5.1
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Table S5-2 Summary of associations between each metabolite and baseline eGFR in ET2DS
(N=1058). Sorted by P-value (smallest to largest).

Baseline eGFR- age and sex adjusted model.

Metabolite coeff CIL Clu group

HDL2_C 4.51 3.43 5.59 8.13E-16 5.39E-14 | Lipoprotein particle sizes
HDL_C 4.52 3.43 5.61 1.08E-15 5.39E-14 | Lipoprotein particle sizes
M_HDL_CE 4.39 3.31 5.46 3.95E-15 1.47E-13 | HDL

XS_VLDL_TG -4.30 -5.37 -3.24 5.00E-15 1.49E-13 | VLDL

M_HDL_C 4.33 3.24 5.41 1.12E-14 2.78E-13 | HDL

Gp -4.21 -5.27 -3.15 1.46E-14 3.11E-13 | Inflamation-related

Glol -4.52 -5.67 -3.37 3.02E-14 5.63E-13 | Glycolysis-related

S _VLDL_FC -4.10 -5.16 -3.03 8.66E-14 1.43E-12 | VLDL

S_VLDL_C -4.08 -5.15 -3.02 1.16E-13 1.73E-12 | VLDL

IDL_TG -4.14 -5.22 -3.05 1.69E-13 2.29E-12 | IDL

S VLDL_PL -4.02 -5.08 -2.95 2.74E-13 3.40E-12 | VLDL

S VLDL_L -3.91 -4.97 -2.84 1.13E-12 1.30E-11 | VLDL

M_HDL_L 4.02 2.92 511 1.32E-12 1.41E-11 | HDL

S _VLDL_P -3.84 -4.91 -2.78 2.71E-12 2.69E-11 | VLDL

M_HDL_P 3.94 2.85 5.04 3.42E-12 3.19E-11 | HDL

ApoA1 3.93 2.83 5.03 4.71E-12 4.13E-11 | Apolipoproteins
M_HDL_FC 3.86 2.76 4.97 9.94E-12 8.23E-11 | HDL

M_HDL_PL 3.83 2.72 4.94 1.94E-11 1.52E-10 | HDL
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Cit -3.72 -4.83 -2.61 7.48E-11 5.57E-10 | Glycolysis-related

S _VLDL_TG -3.51 -4.58 -2.44 1.98E-10 1.40E-09 | VLDL

S_VLDL_CE -3.51 -4.59 -2.44 2.09E-10 1.41E-09 | VLDL

S HDL_TG -3.47 -4.54 -2.40 2.83E-10 1.83E-09 | HDL

VLDL_C -3.46 -4.53 -2.38 3.78E-10 2.34E-09 | Lipoprotein particle sizes
XS _VLDL_P -3.53 -4.63 -2.42 5.28E-10 3.15E-09 | VLDL

S LDL TG -3.42 -4.50 -2.33 8.42E-10 4.82E-09 | LDL

HDL_D 342 2.31 4.53 2.03E-09 1.12E-08 | Lipoprotein particle sizes
LDL TG -3.30 -4.41 -2.20 5.40E-09 2.87E-08 | Lipoprotein particle sizes
XS _VLDL_L -3.32 -4.44 -2.21 5.62E-09 2.89E-08 | VLDL

L LDL TG -3.26 -4.37 -2.15 1.08E-08 5.38E-08 | LDL

XS_VLDL_FC -3.24 -4.35 -2.13 1.46E-08 7.04E-08 | VLDL

Serum_TG -3.07 -4.15 -2.00 2.63E-08 1.21E-07 | Lipoprotein particle sizes
L HDL_CE 3.17 2.06 4.29 2.79E-08 1.21E-07 | HDL

L HDL P 3.18 2.06 4.29 2.82E-08 1.21E-07 | HDL

L HDL_L 3.18 2.06 4.29 2.83E-08 1.21E-07 | HDL

L HDL _PL 3.16 2.05 4.28 3.16E-08 1.31E-07 | HDL

L HDL_C 3.13 2.02 4.24 4.26E-08 1.72E-07 | HDL

Phe -2.99 -4.06 -1.92 5.64E-08 2.21E-07 | Amino acids
L_VLDL_CE -2.97 -4.04 -1.90 6.94E-08 2.65E-07 | VLDL

M _LDL TG -3.01 -4.11 -1.90 1.11E-07 4.13E-07 | LDL

M_VLDL_FC -2.87 -3.94 -1.79 2.06E-07 7.49E-07 | VLDL

VLDL_TG -2.86 -3.94 -1.78 2.27E-07 8.04E-07 | Lipoprotein particle sizes
L VLDL_C -2.81 -3.88 -1.73 3.51E-07 1.22E-06 | VLDL

L HDL_FC 2.88 1.77 3.99 4.29E-07 1.43E-06 | HDL

M_VLDL_C -2.79 -3.87 -1.71 4.33E-07 1.43E-06 | VLDL

M_VLDL_PL -2.73 -3.81 -1.65 8.18E-07 2.65E-06 | VLDL

lle -2.76 -3.86 -1.66 1.03E-06 3.28E-06 | Amino acids

M_VLDL L -2.68 -3.76 -1.60 1.25E-06 3.87E-06 | VLDL

M_VLDL_P -2.66 -3.74 -1.58 1.56E-06 4.75E-06 | VLDL

S HDL C 2.62 1.53 3.70 2.45E-06 7.31E-06 | HDL

L_VLDL_FC -2.58 -3.65 -1.50 2.92E-06 8.53E-06 | VLDL

M_VLDL TG -2.59 -3.67 -1.51 3.03E-06 8.69E-06 | VLDL

M_VLDL_CE -2.57 -3.64 -1.49 3.40E-06 9.56E-06 | VLDL

L VLDL L -2.49 -3.57 -1.41 6.79E-06 1.87E-05 | VLDL

MUFA -2.51 -3.60 -1.41 7.34E-06 1.99E-05 | Fatty acids

Gly -2.58 -3.71 -1.45 8.29E-06 2.20E-05 | Amino acids

L VLDL_P -2.46 -3.54 -1.38 8.68E-06 2.27E-05 | VLDL

L_VLDL_PL -2.44 -3.52 -1.36 1.01E-05 2.60E-05 | VLDL

S_HDL_CE 2.40 1.32 3.49 1.50E-05 3.78E-05 | HDL

XXL_VLDL_CE -2.37 -3.45 -1.29 1.82E-05 4.48E-05 | VLDL

L VLDL_TG -2.37 -3.45 -1.29 1.83E-05 4 .48E-05 | VLDL

XXL_VLDL_C -2.35 -3.43 -1.27 2.17E-05 5.21E-05 | VLDL

XXL_VLDL_FC -2.34 -3.42 -1.26 2.34E-05 5.55E-05 | VLDL

S HDL L 2.35 1.26 3.44 2.52E-05 5.86E-05 | HDL

XXL_VLDL_L -2.32 -3.40 -1.24 2.73E-05 6.25E-05 | VLDL
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XXL_VLDL_P -2.31 -3.39 -1.23 2.83E-05 6.40E-05 | VLDL

XXL_VLDL_PL -2.31 -3.39 -1.23 3.03E-05 6.74E-05 | VLDL

TotCho 242 1.28 3.56 3.45E-05 7.56E-05 | Lipoprotein particle sizes
XXL_VLDL_TG -2.24 -3.32 -1.16 4 97E-05 | 0.000107 | VLDL

S HDL_P 219 1.10 3.29 8.64E-05 | 0.000184 | HDL

XL_VLDL_CE -2.15 -3.23 -1.06 0.000106 | 0.000223 | VLDL

L HDL_TG 2.23 1.10 3.35 | 0.000115 | 0.000238 | HDL

XL_VLDL_C -2.13 -3.21 -1.04 0.000125 | 0.000254 | VLDL

XL _VLDL_FC -2.10 -3.18 -1.01 0.000155 | 0.000311 | VLDL

S HDL_FC 210 1.01 3.19 0.000169 | 0.000335 | HDL

S HDL _PL 2.08 0.99 3.17 0.000198 | 0.000389 | HDL

UnSat 2.05 0.97 3.13 0.000215 | 0.000411 | Fatty acids

Remnant_C -2.08 -3.18 -0.98 0.000215 0.000411 | Lipoprotein particle sizes
XL_VLDL_L -2.03 -3.12 -0.95 | 0.000242 | 0.000456 | VLDL

XL _VLDL_P -2.02 -3.11 -0.94 0.000263 | 0.000489 | VLDL

XL_VLDL_TG -2.00 -3.09 -0.92 0.000297 | 0.000546 | VLDL

XL _VLDL_PL -1.97 -3.05 -0.88 0.000394 | 0.000717 | VLDL

HDL_TG -1.93 -3.02 -0.83 0.000591 0.001054 | Lipoprotein particle sizes
XS_VLDL_PL -1.97 -3.09 -0.85 | 0.000594 | 0.001054 | VLDL

PC 1.99 0.85 3.13 0.000648 0.001135 | Lipoprotein particle sizes
ApoB -1.87 -2.97 -0.78 0.000781 0.001354 | Apolipoproteins

EstC 1.90 0.79 3.01 0.00085 0.001455 | Lipoprotein particle sizes
XS _VLDL _C -1.76 -2.89 -0.62 0.00239 | 0.004046 | VLDL

FAw3 1.62 0.51 2.74 0.00434 | 0.007266 | Fatty acids

L LDL FC 1.47 0.36 2.57 0.009187 0.01521 | LDL

Glc 1.36 0.28 2.44 0.014006 | 0.022926 | Glycolysis-related
VLDL_D -1.37 -2.47 -0.28 0.014156 0.022926 | Lipoprotein particle sizes
XL_HDL_FC 1.38 0.28 2.49 0.014405 | 0.023079 | HDL

XL HDL_P 1.37 0.27 2.48 0.014964 | 0.023559 | HDL

Serum_C 1.39 0.27 2.51 0.015021 0.023559 | Lipoprotein particle sizes
XL HDL_L 1.37 0.26 2.48 0.015187 | 0.023572 | HDL

IDL_CE 1.35 0.24 2.46 0.017608 | 0.026927 | IDL

XL HDL_C 1.34 0.23 2.44 0.01773 | 0.026927 | HDL

M_LDL_FC 1.33 0.23 242 0.017891 0.026927 | LDL

SM 1.37 0.22 2.53 0.0201 0.029948 | Lipoprotein particle sizes
Alb 1.28 0.19 2.38 0.021571 0.031822 | Fluid balance

M_HDL TG -1.22 -2.32 -0.12 0.029201 0.042656 | HDL

IDL_C 1.23 0.12 2.35 0.03033 | 0.043875 | IDL

L LDL PL 1.21 0.10 2.32 0.032225 | 0.046169 | LDL

Fully adjusted model.

Metabolite p coeff CIL Clu q group

Crea 0 -17.40 -17.88 -16.92 0 | Fluid balance

XS _VLDL TG 1.07E-13 -3.95 -4.97 -2.92 | 7.04E-12 | VLDL

S_VLDL_C 1.42E-13 -3.92 -4.94 -2.89 | 7.04E-12 | VLDL
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S _VLDL_FC 9.35E-13 -3.78 -4.81 -2.75 | 3.48E-11 | VLDL

S _VLDL_PL 2.06E-12 -3.73 -4.76 -2.70 | 6.14E-11 | VLDL

IDL_TG 5.51E-12 -3.77 -4.83 -2.71 | 1.37E-10 | IDL

S VLDL_L 2.24E-11 -3.56 -4.59 -2.53 | 4.76E-10 | VLDL

S _VLDL_CE 3.29E-11 -3.52 -4.55 -2.49 | 6.12E-10 | VLDL

S _VLDL_P 6.72E-11 -3.47 -4.51 -2.44 | 1.11E-09 | VLDL

XS _VLDL_P 1.55E-10 -3.47 -4.53 -2.42 | 2.31E-09 | VLDL

HDL2_C 2.35E-10 3.52 2.44 4.59 | 3.19E-09 | Lipoprotein particle
sizes

HDL C 3.52E-10 3.53 2.44 4.62 | 4.36E-09 | Lipoprotein particle
sizes

XS _VLDL _FC | 4.76E-10 -3.38 -4.44 -2.33 | 5.46E-09 | VLDL

Gp 9.94E-10 -3.32 -4.38 -2.26 | 9.60E-09 | Inflamation-related

XS VLDL L 9.97E-10 -3.33 -4.38 -2.27 | 9.60E-09 | VLDL

S LDL_TG 1.03E-09 -3.28 -4.32 -2.23 | 9.60E-09 | LDL

VLDL C 1.93E-09 -3.20 -4.24 -2.17 | 1.70E-08 | Lipoprotein particle
sizes

M_HDL_CE 3.36E-09 3.29 2.21 4.38 | 2.78E-08 | HDL

Cit 4.03E-09 -3.29 -4.37 -2.20 | 3.16E-08 | Glycolysis-related

LDL_TG 8.14E-09 -3.16 -4.23 -2.09 | 6.07E-08 | Lipoprotein particle
sizes

M_HDL _C 8.82E-09 3.22 213 4.30 | 6.26E-08 | HDL

S VLDL_TG 1.01E-08 -3.06 -4.10 -2.02 | 6.81E-08 | VLDL

L LDL TG 1.93E-08 -3.10 -4.17 -2.02 | 1.25E-07 | LDL

S HDL_TG 3.95E-08 -2.94 -3.98 -1.90 | 2.45E-07 | HDL

M_LDL TG 9.10E-08 -2.93 -3.99 -1.86 | 5.43E-07 | LDL

Glol 1.41E-07 -3.29 -4.51 -2.07 | 8.05E-07 | Glycolysis-related

M_HDL_L 3.20E-07 2.88 1.78 3.98 | 1.76E-06 | HDL

M_HDL_P 6.11E-07 2.81 1.71 3.91 | 3.25E-06 | HDL

ApoA1 7.33E-07 2.80 1.69 3.90 | 3.77E-06 | Apolipoproteins

Serum_TG 9.18E-07 -2.63 -3.67 -1.58 | 4.56E-06 | Lipoprotein particle
sizes

HDL_D 1.23E-06 2.70 1.62 3.79 | 5.90E-06 | Lipoprotein particle
sizes

M_HDL_FC 1.86E-06 2.69 1.59 3.79 | 8.67E-06 | HDL

M_HDL_PL 1.95E-06 2.69 1.59 3.79 | 8.78E-06 | HDL

L_VLDL_CE 2.68E-06 -2.52 -3.56 -1.47 | 1.17E-05 | VLDL

Gly 2.79E-06 -2.62 -3.72 -1.53 | 1.19E-05 | Amino acids

M_VLDL_C 3.72E-06 -2.47 -3.51 -1.43 | 1.54E-05 | VLDL

M_VLDL_FC 4.28E-06 -2.46 -3.50 -1.41 | 1.73E-05 | VLDL

L HDL CE 6.78E-06 2.51 1.42 3.59 | 2.66E-05 | HDL

VLDL_TG 7.07E-06 -2.41 -3.46 -1.36 | 2.70E-05 | Lipoprotein particle
sizes

M_VLDL_CE 8.25E-06 -2.37 -3.41 -1.33 | 3.04E-05 | VLDL

MUFA 8.37E-06 -2.39 -3.44 -1.34 | 3.04E-05 | Fatty acids

L HDL_L 9.71E-06 2.47 1.38 3.56 | 3.38E-05 | HDL

L HDL P 9.75E-06 2.47 1.38 3.57 | 3.38E-05 | HDL

L HDL_C 1.04E-05 2.45 1.37 3.54 | 3.52E-05 | HDL
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M_VLDL_PL 1.11E-05 -2.35 -3.40 -1.31 | 3.69E-05 | VLDL

L HDL_PL 1.22E-05 2.44 1.35 3.53 | 3.94E-05 | HDL

L VLDL C 1.29E-05 -2.34 -3.39 -1.29 | 4.08E-05 | VLDL

XS_VLDL_PL 1.84E-05 -2.34 -3.40 -1.27 | 5.71E-05 | VLDL

M_VLDL_L 2.14E-05 -2.28 -3.32 -1.23 | 6.50E-05 | VLDL

M_VLDL_P 2.76E-05 -2.25 -3.30 -1.20 | 8.22E-05 | VLDL

Remnant_C 2.97E-05 -2.25 -3.30 -1.20 | 8.69E-05 | Lipoprotein particle
sizes

Phe 3.76E-05 -2.21 -3.26 -1.16 | 0.000108 | Amino acids

lle 5.34E-05 -2.24 -3.33 -1.16 | 0.00015 | Amino acids

M_VLDL_TG 6.17E-05 -2.15 -3.20 -1.10 | 0.00017 | VLDL

L HDL_FC 8.02E-05 2.19 1.10 3.28 | 0.000217 | HDL

L_VLDL_FC 9.95E-05 -2.09 -3.14 -1.04 | 0.000265 | VLDL

L VLDL L 0.000184 -2.01 -3.06 -0.96 | 0.00048 | VLDL

ApoB 0.000195 -2.00 -3.04 -0.95 | 0.000501 | Apolipoproteins

L_VLDL_PL 0.000219 -1.99 -3.04 -0.94 | 0.000554 | VLDL

L VLDL P 0.000229 -1.98 -3.03 -0.93 | 0.000569 | VLDL

XS _VLDL_C 0.000365 -1.96 -3.03 -0.88 | 0.000892 | VLDL

XXL_VLDL_CE | 0.000383 -1.92 -2.97 -0.86 | 0.000922 | VLDL

L VLDL TG 0.00045 -1.89 -2.94 -0.83 | 0.001065 | VLDL

XXL_VLDL_C | 0.000497 -1.88 -2.94 -0.83 | 0.001156 | VLDL

XXL_VLDL_PL | 0.000622 -1.85 -2.91 -0.79 | 0.001426 | VLDL

XXL_VLDL_L 0.000632 -1.85 -2.91 -0.79 | 0.001426 | VLDL

XXL _VLDL P 0.000653 -1.84 -2.90 -0.79 | 0.001448 | VLDL

XXL_VLDL_FC | 0.000661 -1.84 -2.90 -0.78 | 0.001448 | VLDL

HDL_TG 0.000882 -1.77 -2.82 -0.73 | 0.001905 | Lipoprotein particle
sizes

XXL_VLDL_TG | 0.001093 -1.77 -2.82 -0.71 | 0.002326 | VLDL

S HDL C 0.00213 1.66 0.60 2.72 | 0.00447 | HDL

XL_VLDL_CE | 0.002366 -1.64 -2.69 -0.58 | 0.004897 | VLDL

UnSat 0.002559 1.63 0.57 2.69 | 0.005223 | Fatty acids

L HDL_TG 0.002626 1.68 0.59 2.78 | 0.005282 | HDL

XL VLDL_C 0.002659 -1.62 -2.68 -0.56 | 0.005282 | VLDL

XL_VLDL_FC 0.003184 -1.59 -2.65 -0.54 | 0.006243 | VLDL

XL_VLDL_L 0.004081 -1.55 -2.60 -0.49 | 0.007896 | VLDL

XL _VLDL_P 0.004315 -1.54 -2.59 -0.48 | 0.008242 | VLDL

XL_VLDL_TG | 0.004558 -1.53 -2.58 -0.47 | 0.008597 | VLDL

S HDL_CE 0.005204 1.51 0.45 2.56 | 0.009693 | HDL

XL_VLDL_PL 0.005844 -1.49 -2.54 -0.43 | 0.01075 | VLDL

S HDL L 0.00609 1.49 0.43 2.55 | 0.011065 | HDL

Glc 0.006751 1.74 0.48 3.00 | 0.012119 | Glycolysis-related

S_HDL_PL 0.006923 1.46 0.40 252 | 0.01228 | HDL

S HDL_FC 0.009074 1.41 0.35 2.47 | 0.015907 | HDL

M_HDL_TG 0.00979 -1.38 -2.43 -0.33 | 0.016962 | HDL

S HDL P 0.012062 1.36 0.30 2.42 | 0.020657 | HDL
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TotFA

0.027866

-1.19

-2.25

-0.13

0.047183

Fatty acids

XL_HDL_FC

0.029395

1.17

0.12

2.23

0.049212

HDL

Table S$5-3. Summary of significant associations between each metabolite and baseline eGFR
with additional adjustment for lipid-lowering medication use in ET2DS (N=1058). Sorted by P-
value (smallest to largest).

Metabolite p coeff StandardError | CIL Clu fdr

Crea 0.00E+00 -17.40 0.24 -17.88 -16.92 | 0.00E+00
S VLDL_C 3.19E-14 -4.06 0.53 -5.10 -3.03 | 2.38E-12
XS_VLDL_TG 7.01E-14 -3.98 0.52 -5.01 -2.95 | 3.48E-12
S_VLDL_FC 4.16E-13 -3.85 0.52 -4.87 -2.82 | 1.55E-11
IDL_TG 3.27E-12 -3.81 0.54 -4.87 -2.75 | 8.13E-11
S_VLDL_PL 9.83E-13 -3.79 0.52 -4.82 -2.76 | 2.93E-11
S VLDL_CE 5.75E-12 -3.73 0.54 -4.78 -2.68 | 1.22E-10
S_VLDL_L 1.05E-11 -3.62 0.53 -4.66 -2.59 | 1.96E-10
XS VLDL P 4.90E-11 -3.60 0.54 -4.66 -2.54 | 7.30E-10
S_VLDL_P 3.35E-11 -3.53 0.53 -4.57 -2.50 | 5.55E-10
XS VLDL L 3.07E-10 -3.47 0.55 -4.54 -2.40 | 3.81E-09
XS_VLDL_FC 2.36E-10 -3.47 0.54 -4.53 -2.40 | 3.19E-09
Gp 6.13E-10 -3.36 0.54 -4.42 -2.31 | 5.38E-09
S LDL_ TG 4.24E-10 -3.36 0.53 -4.41 -2.32 | 4.52E-09
VLDL_C 4.89E-10 -3.36 0.53 -4.41 -2.31 | 4.86E-09
Glol 8.48E-08 -3.35 0.62 -4.56 -2.13 | 4.86E-07
Cit 3.68E-09 -3.29 0.55 -4.38 -2.21 | 2.89E-08
LDL_TG 4.00E-09 -3.24 0.55 -4.31 -2.17 | 2.98E-08
L LDL TG 1.04E-08 -3.17 0.55 -4.25 -2.09 | 6.77E-08
S_VLDL_TG 6.23E-09 -3.11 0.53 -4.15 -2.07 | 4.42E-08
M_LDL TG 4.97E-08 -3.00 0.55 -4.07 -1.93 | 2.96E-07
S_HDL_TG 2.89E-08 -2.97 0.53 -4.02 -1.93 | 1.80E-07
Serum_TG 5.29E-07 -2.69 0.53 -3.73 -1.64 | 2.82E-06
Gly 2.95E-06 -2.62 0.56 -3.72 -1.53 | 1.19E-05
L VLDL_CE 1.34E-06 -2.60 0.53 -3.65 -1.55 | 6.44E-06
M_VLDL C 1.81E-06 -2.56 0.53 -3.60 -1.51 | 8.19E-06
M_VLDL_FC 2.56E-06 -2.52 0.53 -3.56 -1.47 | 1.06E-05
M_VLDL_CE 3.06E-06 -2.52 0.54 -3.57 -1.46 | 1.20E-05
Remnant_C 6.18E-06 -2.51 0.55 -3.60 -1.43 | 2.25E-05
XS VLDL_PL 7.97E-06 -2.47 0.55 -3.55 -1.39 | 2.70E-05
VLDL TG 4.46E-06 -2.47 0.53 -3.52 -1.42 | 1.70E-05
MUFA 6.14E-06 -2.43 0.53 -3.48 -1.38 | 2.25E-05
L VLDL C 6.94E-06 -2.42 0.54 -3.47 -1.37 | 2.40E-05
M_VLDL_PL 6.82E-06 -2.41 0.53 -3.46 -1.37 | 2.40E-05
M_VLDL L 1.34E-05 -2.33 0.53 -3.38 -1.29 | 4.31E-05
M_VLDL_P 1.76E-05 -2.30 0.53 -3.35 -1.26 | 5.15E-05
lle 4.22E-05 -2.28 0.55 -3.37 -1.19 | 1.19E-04
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ApoB 5.95E-05 | -2.20 055| -327 113 | 1.58E-04
M_VLDL_ TG | 4.24E-05| -2.20 0.54 325| -1.15| 1.19E-04
Phe 4.62E-05| -2.18 0.53 3.23 114 | 1.27E-04
L_VLDL_FC 5.36E-05 | -2.17 0.54 3.22 112 | 1.45E-04
XS_VLDL_C 1.93E-04 2.09 0.56 318 | -0.99 | 4.72E-04
L VLDL_L 1.12E-04 2.08 0.54 313 -1.03 | 2.87E-04
L_VLDL_PL 1.30E-04 2.06 0.54 3.1 -1.01 | 3.28E-04
L VLDL_P 1.41E-04 2.05 0.54 -3.10 -1.00 | 3.49E-04
XXL_VLDL_CE | 2.15E-04 2.02 0.54 3.08| -0.95| 5.17E-04
XXL_VLDL_C | 2.91E-04 1.97 0.54 -3.04 -0.91 | 6.77E-04
L VLDL_TG 2.86E-04 1.95 0.54 -3.00 -0.90 | 6.77E-04
XXL_VLDL_PL | 3.70E-04 -1.94 0.54 -3.00 -0.87 | 8.48E-04
XXL_VLDL_L | 3.78E-04 1.94 0.54 -3.00 -0.87 | 8.53E-04
XXL_VLDL_P | 3.91E-04 -1.93 0.54 -3.00 -0.87 | 8.70E-04
XXL_VLDL_FC | 4.07E-04 1.92 0.54 299 | -0.86| 8.91E-04
XXL_VLDL_TG | 6.91E-04 -1.85 0.54 2.91 0.78 | 1.47E-03
HDL_TG 5.82E-04 184 0.53 289 | -0.79| 1.26E-03
XL_VLDL_CE | 1.54E-03 172 0.54 278 | -0.66 | 3.24E-03
XL_VLDL_C 1.72E-03 -1.70 0.54 2.76 -0.64 | 3.57E-03
XL_VLDL_FC | 2.03E-03 168 0.54 2.74 0.61 | 4.08E-03
XL_VLDL_L 2.79E-03 1,62 0.54 268 | -0.56 | 5.48E-03
XL_VLDL_P 2.97E-03 1.61 0.54 2.67 -0.55 | 5.76E-03
XL_VLDL_TG | 3.19E-03 -1.60 0.54 2.66 -0.54 | 6.09E-03
XL_VLDL_PL | 3.96E-03 -1.56 0.54 2.62 -0.50 | 7.37E-03
M_HDL_TG 6.89E-03 145 0.54 2,50 040 | 1.21E-02
TotFA 1.85E-02 1.28 0.54 2.34 0.21 | 3.14E-02
S HDL_P 1.07E-02 1.40 0.55 0.33 2.47 | 1.85E-02
S_HDL_CE 5.35E-03 1.50 0.54 0.45 2.56 | 9.60E-03
S_HDL_FC 6.20E-03 1.52 0.55 0.43 2.60 | 1.10E-02
S_HDL_L 5.26E-03 1.53 0.55 0.46 2.60 | 9.56E-03
S_HDL_PL 5.23E-03 1.54 0.55 0.46 2.62 | 9.56E-03
Glc 1.13E-02 1.62 0.64 0.37 2.88 | 1.93E-02
L_HDL_TG 3.33E-03 1.64 0.56 0.55 2.74 | 6.27E-03
S HDL_C 2.09E-03 1.67 0.54 0.61 2.73 | 4.16E-03
UnSat 1.95E-03 1.68 0.54 0.62 2.75 | 3.98E-03
L_HDL_FC 1.11E-04 2.15 0.55 1.06 3.23 | 2.87E-04
L_HDL_PL 1.74E-05 2.40 0.56 1.31 349 | 5.15E-05
L_HDL_C 1.46E-05 2.42 0.55 1.33 3.50 | 4.43E-05
L HDL L 1.38E-05 2.43 0.56 1.34 3.53 | 4.31E-05
L_HDL_P 1.39E-05 2.43 0.56 1.34 3.53 | 4.31E-05
L_HDL_CE 9.52E-06 2.47 0.55 1.38 3.56 | 3.15E-05
M_HDL_PL 2.50E-06 2.67 0.56 1.56 3.78 | 1.06E-05
M_HDL_FC 2.06E-06 2.69 0.56 1.58 3.79 | 9.02E-06
HDL_D 1.69E-06 2.69 0.56 1.59 3.79 | 7.86E-06
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ApoA1 1.34E-06 2.74 0.56 1.64 3.85 | 6.44E-06
M_HDL_P 7.76E-07 2.79 0.56 1.69 3.89 | 3.99E-06
M_HDL_L 3.98E-07 2.86 0.56 1.76 3.97 | 2.19E-06
M_HDL_C 9.568E-09 3.22 0.56 2.13 4.31 | 6.49E-08
M_HDL_CE 3.59E-09 3.30 0.55 2.21 4.39 | 2.89E-08
HDL2_C 3.42E-10 3.49 0.55 2.41 4.57 | 3.92E-09
HDL_C 5.53E-10 3.50 0.56 2.40 4.59 | 5.15E-09

Table S$5-4. Summary of associations between each metabolite and baseline CKD

(N=1058). Sorted by P-value (smallest to largest).

Age and sex adjusted model

in ET2DS

metabolite or CIL Clu p fdr group

HDL _C 0.55 0.46 0.66 | 1.79E-11 | 9.28E-10 | Lipoprotein particle sizes
XS VLDL TG 1.85 1.55 222 | 1.87E-11 | 9.28E-10 | VLDL

M_HDL_CE 0.59 0.50 0.69 | 6.79E-11 | 2.53E-09 | HDL

HDL2_C 0.57 0.48 0.68 | 8.72E-11 | 2.60E-09 | Lipoprotein particle sizes
M_HDL_C 0.59 0.50 0.69 | 1.05E-10 | 2.61E-09 | HDL

Gp 1.67 1.43 1.96 | 1.83E-10 | 3.89E-09 | Inflamation-related
S_VLDL_FC 1.76 1.48 210 | 3.69E-10 | 6.88E-09 | VLDL

S VLDL_PL 1.71 1.44 2.03 | 9.56E-10 | 1.58E-08 | VLDL

S_VLDL_C 1.71 1.44 2.04 | 1.22E-09 | 1.83E-08 | VLDL

ApoA1 0.58 0.49 0.69 | 1.40E-09 | 1.90E-08 | Apolipoproteins
M_HDL_L 0.61 0.51 0.71 | 2.13E-09 | 2.65E-08 | HDL

S VLDL L 1.68 1.42 1.99 | 242E-09 | 2.77E-08 | VLDL

IDL_TG 1.66 1.41 197 | 2.73E-09 | 2.91E-08 | IDL

Glol 1.69 1.42 2.02 | 3.40E-09 | 3.38E-08 | Glycolysis-related
M_HDL_P 0.61 0.52 0.72 | 4.02E-09 | 3.69E-08 | HDL

S VLDL P 1.66 1.41 1.97 | 4.21E-09 | 3.69E-08 | VLDL

M_HDL_FC 0.63 0.53 0.73 | 7.20E-09 | 5.96E-08 | HDL

Cit 1.63 1.38 1.94 | 9.20E-09 | 7.21E-08 | Glycolysis-related
M_HDL_PL 0.62 0.52 0.73 | 1.39E-08 | 1.04E-07 | HDL

S VLDL_TG 1.59 1.35 1.88 | 6.89E-08 | 4.89E-07 | VLDL

HDL_D 0.61 0.51 0.73 | 1.27E-07 | 8.59E-07 | Lipoprotein particle sizes
XS VLDL P 1.57 1.33 1.87 | 2.07E-07 | 1.34E-06 | VLDL

VLDL_C 1.53 1.30 1.80 | 2.37E-07 | 1.47E-06 | Lipoprotein particle sizes
S VLDL_CE 1.55 1.31 1.85| 4.81E-07 | 2.87E-06 | VLDL

S_HDL_TG 1.53 1.30 1.81 | 5.23E-07 | 3.00E-06 | HDL

S LDL TG 1.51 1.28 1.79 | 1.35E-06 | 7.37E-06 | LDL

XS _VLDL_L 1.52 1.28 1.80 | 1.38E-06 | 7.37E-06 | VLDL

L HDL L 0.68 0.58 0.80 | 1.58E-06 | 7.94E-06 | HDL

L HDL_P 0.68 0.58 0.80 | 1.60E-06 | 7.94E-06 | HDL

L HDL_CE 0.68 0.58 0.80 | 1.69E-06 | 8.13E-06 | HDL

L HDL_PL 0.69 0.59 0.80 | 1.84E-06 | 8.57E-06 | HDL

L HDL_C 0.68 0.59 0.80 | 2.01E-06 | 9.06E-06 | HDL

Serum_TG 1.47 1.25 1.72 | 2.39E-06 | 1.05E-05 | Lipoprotein particle sizes
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XS_VLDL_FC 1.51 1.27 1.80 | 3.15E-06 | 1.34E-05 | VLDL

L HDL_FC 0.70 0.60 0.82 | 6.54E-06 | 2.71E-05 | HDL

LDL TG 1.45 1.23 1.71 | 8.70E-06 | 3.50E-05 | Lipoprotein particle sizes
M_VLDL_FC 1.45 1.23 1.72 | 9.67E-06 | 3.79E-05 | VLDL

VLDL_TG 1.44 1.23 1.70 | 1.07E-05 | 4.08E-05 | Lipoprotein particle sizes
L LDL TG 1.45 1.23 1.71| 1.16E-05 | 4.32E-05 | LDL

M_VLDL C 1.41 1.21 1.66 | 2.06E-05 | 7.45E-05 | VLDL

L_VLDL_CE 1.48 1.24 1.78 | 2.10E-05 | 7.45E-05 | VLDL

M_VLDL_PL 1.41 1.20 1.66 | 2.63E-05 | 9.12E-05 | VLDL

M_VLDL_L 1.40 1.20 1.65 | 3.73E-05 | 0.000126 | VLDL

M_VLDL_P 1.40 1.19 1.65 | 4.44E-05 | 0.000145 | VLDL

L VLDL_C 1.45 1.22 1.74 | 4.49E-05 | 0.000145 | VLDL

S HDL C 0.74 0.63 0.85 | 5.35E-05 0.00017 | HDL

TotCho 0.71 0.60 0.84 | 5.47E-05 0.00017 | Lipoprotein particle sizes
M_VLDL TG 1.39 1.18 1.64 | 7.23E-05 0.00022 | VLDL

M_LDL TG 1.39 1.18 1.64 | 8.65E-05 | 0.000258 | LDL

Phe 1.36 1.16 1.58 | 9.20E-05 | 0.000269 | Amino acids

lle 1.37 1.17 1.62 | 0.000114 | 0.000327 | Amino acids
M_VLDL_CE 1.36 1.16 1.59 0.00013 | 0.000365 | VLDL

S_HDL_CE 0.75 0.65 0.87 | 0.000161 | 0.000443 | HDL

L_VLDL_FC 1.43 1.19 1.74 | 0.000184 | 0.000498 | VLDL

L HDL_TG 0.75 0.64 0.88 | 0.000263 | 0.000701 | HDL

L VLDL L 1.37 1.16 1.63 | 0.000278 | 0.000717 | VLDL

MUFA 1.35 1.15 1.58 | 0.000279 | 0.000717 | Fatty acids

L VLDL P 1.37 1.16 1.63 0.00033 | 0.000833 | VLDL

L_VLDL_PL 1.36 1.15 1.62 | 0.000344 | 0.000855 | VLDL

XXL_VLDL_FC 1.36 1.15 1.62 | 0.000424 | 0.001036 | VLDL

S_HDL L 0.76 0.65 0.89 | 0.000471 | 0.001131 | HDL

XXL_VLDL_PL 1.35 1.14 1.61 | 0.000543 | 0.001284 | VLDL

XXL_VLDL_CE 1.36 1.15 1.62 | 0.000565 | 0.001296 | VLDL

L VLDL TG 1.35 1.14 1.61 | 0.000571 | 0.001296 | VLDL

XXL_VLDL_C 1.36 1.14 1.62 | 0.000574 | 0.001296 | VLDL

Gly 1.32 1.12 1.54 | 0.000612 | 0.001361 | Amino acids

EstC 0.76 0.64 0.89 | 0.000624 | 0.001368 | Lipoprotein particle sizes
XXL_VLDL_L 1.35 1.14 1.61 | 0.000668 | 0.001442 | VLDL

XXL_VLDL_P 1.35 1.14 1.61 | 0.000697 | 0.001483 | VLDL

XL _VLDL_CE 1.35 1.14 1.61 | 0.000793 | 0.001664 | VLDL

XL_VLDL_C 1.34 1.14 1.61 | 0.000822 | 0.001701 | VLDL

XL _VLDL_FC 1.34 1.13 1.60 | 0.000848 | 0.001732 | VLDL

XXL_VLDL_TG 1.33 1.13 1.59 | 0.001035 | 0.002083 | VLDL

S HDL P 0.78 0.67 0.90 | 0.001062 0.00211 | HDL

PC 0.76 0.65 0.90 | 0.001122 0.0022 | Lipoprotein particle sizes
XL VLDL L 1.32 1.12 1.58 | 0.001381 | 0.002672 | VLDL

XL_VLDL_P 1.32 1.12 1.57 | 0.001489 | 0.002844 | VLDL

XL VLDL_TG 1.31 1.11 1.57 | 0.001716 0.00322 | VLDL

XL_VLDL_PL 1.31 1.1 1.57 | 0.001729 0.00322 | VLDL
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S _HDL _PL 0.80 0.68 0.93 | 0.003582 | 0.006588 | HDL

S HDL_FC 0.80 0.69 0.93 | 0.003977 | 0.007226 | HDL

Remnant_C 1.25 1.07 1.47 | 0.004807 | 0.008629 | Lipoprotein particle sizes

XS_VLDL_PL 1.26 1.07 1.49 0.00651 | 0.011548 | VLDL

L LDL_FC 0.81 0.69 0.94 0.00696 0.0122 | LDL

IDL_CE 0.81 0.69 0.94 | 0.007136 | 0.012364 | IDL

Serum_C 0.81 0.68 0.94 0.00832 0.01425 | Lipoprotein particle sizes

XL_HDL_P 0.81 0.70 0.95 0.00879 | 0.014884 | HDL

XL HDL_L 0.81 0.70 0.95 | 0.009038 | 0.015131 | HDL

SM 0.80 0.68 0.95 | 0.009156 | 0.015158 | Lipoprotein particle sizes

ApoB 1.23 1.05 1.43 | 0.009419 | 0.015422 | Apolipoproteins

XL_HDL_C 0.81 0.70 0.95 | 0.009543 | 0.015456 | HDL

XL_HDL_FC 0.82 0.70 0.95 | 0.010037 | 0.016081 | HDL

HDL_TG 1.22 1.05 1.43 | 0.010557 | 0.016734 | Lipoprotein particle sizes

UnSat 0.82 0.70 0.95| 0.011139 | 0.017471 | Fatty acids

M_LDL_FC 0.82 0.70 0.96 | 0.011567 | 0.017953 | LDL

IDL_C 0.82 0.70 0.96 | 0.012533 | 0.019252 | IDL

XL_HDL_CE 0.83 0.71 0.97 | 0.017036 | 0.025901 | HDL

L LDL PL 0.82 0.70 0.97 | 0.017252 | 0.025966 | LDL

XL_HDL_PL 0.84 0.72 0.98 | 0.024633 | 0.036525 | HDL

XS VLDL C 1.22 1.03 1.45 | 0.024758 | 0.036525 | VLDL

S_LDL_PL 0.84 0.72 0.98 | 0.026803 | 0.038935 | LDL

VLDL_D 1.19 1.02 1.39 | 0.026915 | 0.038935 | Lipoprotein particle sizes
Fully adjusted model.

metabolite p or CIL Clu fdr group

Crea 2.59E-34 | 112.82 55.50 | 253.90 | 3.86E-32 | Fluid balance

XS_VLDL TG 9.58E-10 1.80 1.50 2.19 | 7.14E-08 | VLDL

S_VLDL_C 3.91E-09 1.75 1.46 2.11 | 1.55E-07 | VLDL

S VLDL_FC 4.16E-09 1.75 1.46 2.11 | 1.55E-07 | VLDL

S_VLDL_PL 8.25E-09 1.71 1.43 2.05 | 2.46E-07 | VLDL

S VLDL L 3.31E-08 1.67 1.39 2.00 | 8.22E-07 | VLDL

S_VLDL_P 6.36E-08 1.64 1.38 1.98 | 1.35E-06 | VLDL

IDL_TG 1.38E-07 1.62 1.36 1.94 | 2.57E-06 | IDL

HDL_C 1.64E-07 0.61 0.51 0.73 | 2.72E-06 | Lipoprotein particle sizes

S_VLDL_CE 4.46E-07 1.60 1.34 1.93 | 6.64E-06 | VLDL

XS_VLDL_P 6.81E-07 1.58 1.32 1.90 | 9.22E-06 | VLDL

HDL2_C 7.61E-07 0.64 0.53 0.76 | 9.45E-06 | Lipoprotein particle sizes

Gp 8.69E-07 1.53 1.30 1.82 | 9.96E-06 | Inflamation-related

Cit 1.11E-06 1.57 1.31 1.89 | 1.18E-05 | Glycolysis-related

S_VLDL_TG 1.32E-06 1.55 1.30 1.86 | 1.23E-05 | VLDL

VLDL_C 1.32E-06 1.54 1.29 1.84 | 1.23E-05 | Lipoprotein particle sizes

M_HDL_CE 1.59E-06 0.66 0.55 0.78 | 1.39E-05 | HDL

XS_VLDL_FC 2.29E-06 1.55 1.30 1.87 | 1.90E-05 | VLDL

M_HDL_C 2.53E-06 0.66 0.56 0.79 | 1.98E-05 | HDL

XS _VLDL_L 2.93E-06 1.54 1.29 1.84 | 2.18E-05 | VLDL
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S LDL TG 5.60E-06 1.51 1.27 1.80 | 3.97E-05 | LDL

ApoA1 1.10E-05 0.66 0.55 0.79 | 7.43E-05 | Apolipoproteins

S HDL TG 1.35E-05 1.48 1.24 1.78 | 8.75E-05 | HDL

M_HDL_L 2.61E-05 0.69 0.58 0.82 | 1.62E-04 | HDL

HDL_D 3.27E-05 0.67 0.55 0.81 | 1.93E-04 | Lipoprotein particle sizes
Serum_TG 3.38E-05 1.44 1.21 1.71 | 1.93E-04 | Lipoprotein particle sizes
LDL TG 3.82E-05 1.45 1.21 1.73 | 2.11E-04 | Lipoprotein particle sizes
M_HDL_P 4.04E-05 0.69 0.58 0.82 | 2.15E-04 | HDL

L LDL TG 6.04E-05 1.44 1.20 1.72 | 3.11E-04 | LDL

M_VLDL_FC 6.79E-05 1.44 1.21 1.72 | 3.37E-04 | VLDL

M_HDL_FC 7.77TE-05 0.71 0.60 0.84 | 3.73E-04 | HDL

M_VLDL_C 8.40E-05 1.41 1.19 1.68 | 3.91E-04 | VLDL

M_HDL_PL 8.76E-05 0.70 0.59 0.84 | 3.96E-04 | HDL

VLDL TG 1.10E-04 1.41 1.19 1.69 | 4.82E-04 | Lipoprotein particle sizes
L VLDL_CE 1.23E-04 1.47 1.21 1.79 | 5.23E-04 | VLDL

M_VLDL_PL 1.56E-04 1.40 1.18 1.66 | 6.47E-04 | VLDL

L HDL_CE 2.05E-04 0.73 0.61 0.86 | 8.22E-04 | HDL

M_LDL TG 2.10E-04 1.39 1.17 1.66 | 8.22E-04 | LDL

M_VLDL_CE 2.19E-04 1.37 1.16 1.63 | 8.30E-04 | VLDL

MUFA 2.39E-04 1.38 1.16 1.64 | 8.30E-04 | Fatty acids

L HDL_L 2.40E-04 0.73 0.61 0.86 | 8.30E-04 | HDL

L HDL_C 5.74E-04 0.73 0.61 0.86 | 8.30E-04 | HDL

M_VLDL L 2.40E-03 1.38 1.17 1.65 | 8.30E-04 | VLDL

L HDL_P 3.44E-03 0.73 0.61 0.86 | 8.30E-04 | HDL

L HDL _PL 6.61E-03 0.73 0.62 0.87 | 9.31E-04 | HDL

L VLDL_C 6.95E-03 1.43 1.18 1.74 | 9.31E-04 | VLDL

M_VLDL_P 7.39E-03 1.38 1.16 1.64 | 9.31E-04 | VLDL

M_VLDL_TG 8.91E-03 1.37 1.15 1.63 | 1.57E-03 | VLDL

Glol 9.45E-03 1.42 1.16 1.73 | 1.75E-03 | Glycolysis-related

L HDL_FC 1.03E-02 0.75 0.63 0.88 | 1.85E-03 | HDL

L_VLDL_FC 1.14E-02 1.40 1.15 1.73 | 3.06E-03 | VLDL

XS_VLDL_PL 1.19E-02 1.32 1.11 1.58 | 4.74E-03 | VLDL

L VLDL L 1.48E-02 1.34 1.12 1.62 | 4.91E-03 | VLDL

L_VLDL_PL 1.55E-02 1.34 1.12 1.61 | 5.35E-03 | VLDL

L VLDL_P 1.56E-02 1.34 1.12 1.61 | 5.58E-03 | VLDL

Gly 1.64E-02 1.30 1.10 1.54 | 6.39E-03 | Amino acids
XXL_VLDL_CE 1.96E-02 1.33 1.11 1.62 | 6.49E-03 | VLDL

lle 2.27E-02 1.31 1.10 1.57 | 6.49E-03 | Amino acids
Remnant_C 2.50E-02 1.30 1.10 1.54 | 6.49E-03 | Lipoprotein particle sizes
XXL_VLDL_FC 2.53E-02 1.33 1.1 1.61 | 6.59E-03 | VLDL

XXL_VLDL_PL | 0002806 1.33 1.1 1.60 | 6.75E-03 | VLDL

XXL_VLDL_C | 9.002807 1.33 1.11 1.61 | 6.75E-03 | VLDL

L VLDL_TG 0.003436 1.32 1.10 1.59 | 8.13E-03 | VLDL

XXL_VLDL L 0.003518 1.32 1.10 1.60 | 8.19E-03 | VLDL
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XXL_VLDL_P 0.003666 1.32 1.10 1.59 | 8.40E-03 | VLDL
XXL_VLDL_TG | g.005295 1.30 1.09 1.58 | 1.20E-02 | VLDL
XL_VLDL_CE | 5005745 1.30 1.08 1.57 | 1.28E-02 | VLDL
XL_VLDL_C 0.005883 1.30 1.08 1.57 | 1.29E-02 | VLDL
XL_VLDL_FC 0.005956 1.30 1.08 1.57 | 1.29E-02 | VLDL

ApoB 0.006613 1.26 1.07 1.48 | 1.41E-02 | Apolipoproteins
L HDL_TG 0.006947 0.79 0.67 0.94 | 1.46E-02 | HDL

S_HDL C 0.007392 0.81 0.69 0.94 | 1.53E-02 | HDL

Phe 0.008138 1.25 1.06 1.47 | 1.66E-02 | Amino acids
XL _VLDL_L 0.008906 1.28 1.07 1.54 | 1.79E-02 | VLDL

XL _VLDL_P 0.009446 1.28 1.07 1.54 | 1.88E-02 | VLDL
XL_VLDL_PL 0.010335 1.27 1.06 1.54 | 2.02E-02 | VLDL
XL_VLDL_TG | 0010442 1.27 1.06 1.54 | 2.02E-02 | VLDL

HDL_TG 0.011367 1.24 1.05 1.46 | 2.17E-02 | Lipoprotein particle sizes
S HDL_CE 0.011928 0.82 0.70 0.96 | 2.25E-02 | HDL
XL_HDL_C 0.014809 0.81 0.69 0.96 | 2.76E-02 | HDL
XL_HDL_P 0.015454 0.81 0.69 0.96 | 2.83E-02 | HDL

XL HDL_L 0.015554 0.81 0.69 0.96 | 2.83E-02 | HDL
XL_HDL_FC 0.016369 0.82 0.69 0.96 | 2.94E-02 | HDL
XS_VLDL_C 0.019646 1.23 1.04 1.48 | 3.48E-02 | VLDL
XL_HDL_CE 0.022694 0.82 0.70 0.97 | 3.98E-02 | HDL

TotCho 0.024954 0.82 0.68 0.97 | 4.32E-02 | Lipoprotein particle sizes
S HDL_L 0.025264 0.83 0.71 0.98 | 4.33E-02 | HDL

Table S5-5. Summary of associations between each metabolite and baseline uACR in ET2DS

(N=1058). Sorted by P-value (smallest to largest).

Age and sex-adjusted model

metabolite coeff | StandardErro | CIL | CIU fdr group
r
Gp 0.15 0.03 | 0.10 | 0.21 1.29E- 1.92E- | Inflammation-related
08 06
Crea 0.15 0.03 | 0.09 | 0.21 2.05E- 1.53E- | Fluid balance
07 05
M_HDL_FC - 0.03 - - 1.64E- 8.13E- | HDL
0.13 0.19 | 0.08 06 05
HDL2_C - 0.03 - - 3.55E- 1.32E- | Lipoprotein particle
0.13 0.18 | 0.07 06 04 | sizes
M_HDL_C - 0.03 - - 4.51E- 1.34E- | HDL
0.13 0.18 | 0.07 06 04
M_HDL_CE - 0.03 - - 7.04E- 1.75E- | HDL
0.12 0.18 | 0.07 06 04
Tyr - 0.03 - - 9.46E- 1.83E- | Amino acids
0.12 0.17 | 0.07 06 04
HDL C - 0.03 - - 9.84E- 1.83E- | Lipoprotein particle
0.12 0.18 | 0.07 06 04 | sizes
M_HDL_L - 0.03 - - 1.41E- 2.34E- | HDL
0.12 0.17 | 0.07 05 04
M_HDL_P - 0.03 - - 2.08E- 3.06E- | HDL
0.12 0.17 | 0.06 05 04
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M_HDL_PL - 0.03 - - 2.26E- 3.06E- | HDL
0.12 0.17 | 0.06 05 04
Glol 0.12 0.03 | 0.06 | 0.18 5.00E- 6.21E- | Glycolysis-related
05 04
L HDL_PL - 0.03 - - 3.47E- 3.62E- | HDL
0.10 0.15 | 0.05 04 03
L HDL_L - 0.03 - - 3.77E- 3.62E- | HDL
0.10 0.15 | 0.04 04 03
L HDL_P - 0.03 - - 3.81E- 3.62E- | HDL
0.10 0.15 | 0.04 04 03
L HDL_FC - 0.03 - - 3.88E- 3.62E- | HDL
0.10 0.15 | 0.04 04 03
L HDL_C - 0.03 - - 4.67E- 4.09E- | HDL
0.10 0.15 | 0.04 04 03
L HDL_CE - 0.03 - - 5.06E- 4.18E- | HDL
0.10 0.15 | 0.04 04 03
ApoA1 - 0.03 - - 9.37E- 7.35E- | Apolipoproteins
0.09 0.15 | 0.04 04 03
HDL_D - 0.03 - - 1.87E- 1.40E- | Lipoprotein particle
0.09 0.14 | 0.03 03 02 | sizes
IDL_TG 0.08 0.03 | 0.03 | 0.14 2.19E- 1.56E- | IDL
03 02
L HDL_TG - 0.03 - - 2.40E- 1.63E- | HDL
0.09 0.14 | 0.03 03 02
Serum_TG 0.08 0.03 | 0.03 | 0.13 2.77E- 1.79E- | Lipoprotein particle
03 02 | sizes
VLDL_C 0.08 0.03 | 0.03| 0.13 3.93E- 2.39E- | Lipoprotein particle
03 02 | sizes
S_HDL_FC - 0.03 - - 4.02E- 2.39E- | HDL
0.08 0.13 | 0.02 03 02
S_VLDL_T 0.08 0.03 | 0.02 | 0.13 4 17E- 2.39E- | VLDL
G 03 02
S_VLDL_P 0.08 0.03 | 0.02 | 0.13 4 44E- 2.45E- | VLDL
03 02
S_HDL L - 0.03 - - 4 .86E- 2.45E- | HDL
0.08 0.13 | 0.02 03 02
M_VLDL_C | 0.08 0.03 | 0.02 | 0.13 4.89E- 2.45E- | VLDL
03 02
S_VLDL_L 0.08 0.03 | 0.02 | 0.13 4.93E- 2.45E- | VLDL
03 02
M_VLDL_P | 0.08 0.03 | 0.02 | 0.13 5.22E- 2.51E- | VLDL
L 03 02
M_VLDL L 0.07 0.03 | 0.02 | 0.13 5.56E- 2.59E- | VLDL
03 02
M_VLDL P | 0.07 0.03 | 0.02 | 0.13 5.77E- 2.61E- | VLDL
03 02
VLDL_TG 0.07 0.03 | 0.02 | 0.13 5.95E- 2.61E- | Lipoprotein particle
03 02 | sizes
S _HDL_C - 0.03 - - 6.98E- 2.97E- | HDL
0.07 0.13 | 0.02 03 02
S _HDL_P - 0.03 - - 7.48E- 3.10E- | HDL
0.07 0.13 | 0.02 03 02
M_VLDL_T | 0.07 0.03 | 0.02 | 0.12 7.83E- 3.12E- | VLDL
G 03 02
M_VLDL_C | 0.07 0.03 | 0.02 | 0.12 7.97E- 3.12E- | VLDL
E 03 02
S_HDL TG | 0.07 0.03 | 0.02 | 0.12 8.72E- 3.33E- | HDL
03 02
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M_VLDL_F 0.07 0.03 | 0.02 | 0.12 9.19E- 3.41E- | VLDL
C 03 02
S HDL PL - 0.03 - - 9.37E- 3.41E- | HDL
0.07 0.12 | 0.02 03 02
S_LDL_TG 0.07 0.03 | 0.02 | 0.12 1.17E- 4 15E- | LDL
02 02
S VLDL_F 0.07 0.03 | 0.01 | 0.12 1.20E- 4 17E- | VLDL
C 02 02
ApoB 0.07 0.03 | 0.01| 012 1.31E- 4.42E- | Apolipoproteins
02 02
Glc 0.07 0.03 | 0.01| 012 1.40E- 4 .54E- | Glycolysis-related
02 02
S _VLDL_PL | 0.07 0.03 | 0.01 | 0.12 1.40E- 4 54E- | VLDL
02 02
Fully adjusted model
metabolite coeff StandardError | CIL Clu p fdr group
Tyr -0.11 0.03 -0.16 -0.06 0.00 0.01 | Amino acids
Gp 0.10 0.03 0.05 0.15 0.00 0.02 | Inflammation-related
M_HDL_FC -0.07 0.03 -0.12 -0.01 0.02 0.54 | HDL
HDL2_C -0.07 0.03 -0.12 -0.01 0.02 0.54 | Lipoprotein particle
sizes
HDL_C -0.06 0.03 -0.12 -0.01 0.03 0.54 | Lipoprotein particle
sizes
L HDL_FC -0.05 0.03 -0.11 0.00 0.05 0.54 | HDL
M_VLDL_CE 0.05 0.03 0.00 0.10 0.05 0.54 | VLDL

Table S$5-6. Summary of associations between each metabolite and baseline albuminuria status
in ET2DS (N=1058). Sorted by P-value (smallest to largest).

Age and sex adjusted-model.

metabolite | or CIL Clu p fdr group
Crea 1.79 1.53 2.11 1.42E- 2.12E- | Fluid balance
12 10
M_HDL_C 0.68 0.58 0.79 4.77E- 1.57E- | HDL
07 05
M_HDL_FC 0.68 0.58 0.79 5.17E- 1.57E- | HDL
07 05
M_HDL_L 0.67 0.57 0.78 5.93E- 1.57E- | HDL
07 05
M_HDL_PL 0.67 0.57 0.78 6.86E- 1.57E- | HDL
07 05
M_HDL_CE 0.68 0.58 0.79 6.86E- 1.57E- | HDL
07 05
M_HDL_P 0.67 0.57 0.78 7.37E- 1.57E- | HDL
07 05
HDL C 0.70 0.59 0.82 1.23E- 2.28E- | Lipoprotein particle
05 04 | sizes
HDL2 _C 0.72 0.62 0.83 1.45E- 2.40E- | Lipoprotein particle
05 04 | sizes
Gp 1.38 1.19 1.61 2.05E- 3.05E- | Inflamation-related
05 04
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ApoA1 0.71 0.60 0.84 5.42E- 7.34E- | Apolipoproteins
05 04
S HDL L 0.74 0.63 0.86 8.86E- 1.10E- | HDL
05 03
S HDL_P 0.74 0.63 0.86 1.32E- 1.51E- | HDL
04 03
S HDL_PL 0.74 0.63 0.87 1.60E- 1.70E- | HDL
04 03
S HDL_FC 0.75 0.64 0.87 2.05E- 2.04E- | HDL
04 03
Glol 1.36 1.15 1.61 3.78E- 3.52E- | Glycolysis-related
04 03
L HDL_PL 0.77 0.66 0.90 7.09E- 6.22E- | HDL
04 03
Tyr 0.76 0.65 0.89 7.82E- 6.48E- | Amino acids
04 03
TotCho 0.76 0.64 0.89 8.84E- 6.93E- | Lipoprotein particle
04 03 | sizes
Alb 0.77 0.65 0.90 9.89E- 7.32E- | Fluid balance
04 03
L HDL P 0.78 0.67 0.90 1.10E- 7.32E- | HDL
03 03
S HDL C 0.78 0.68 0.91 1.10E- 7.32E- | HDL
03 03
L HDL L 0.78 0.67 0.90 1.13E- 7.32E- | HDL
03 03
L HDL_FC 0.79 0.68 0.91 1.64E- 1.02E- | HDL
03 02
L HDL_C 0.79 0.68 0.92 1.96E- 1.17E- | HDL
03 02
L HDL_CE 0.79 0.68 0.92 2.08E- 1.19E- | HDL
03 02
PC 0.78 0.66 0.92 2.61E- 1.44E- | Lipoprotein particle
03 02 | sizes
L HDL_TG 0.81 0.70 0.94 5.77E- 3.07E- | HDL
03 02
S_HDL_CE 0.82 0.71 0.94 6.11E- 3.14E- | HDL
03 02
IDL_TG 1.24 1.06 1.46 6.98E- 3.46E- | IDL
03 02
TotPG 0.81 0.69 0.94 7.19E- 3.46E- | Lipoprotein particle
03 02 | sizes
HDL_D 0.80 0.67 0.94 8.40E- 3.91E- | Lipoprotein particle
03 02 | sizes
Fully adjusted model
metabolite | or CIL Clu fdr group
Tyr 0.76 0.64 0.90 0.00 0.26 | Amino
acids
M_HDL_PL 0.82 0.69 0.98 0.03 0.77 | HDL
M_HDL_FC 0.83 0.70 0.98 0.03 0.77 | HDL
S HDL L 0.84 0.71 0.99 0.03 0.77 | HDL
S _HDL_P 0.84 0.71 0.99 0.03 0.77 | HDL
S HDL PL 0.84 0.71 0.99 0.04 0.77 | HDL
S_HDL_FC 0.84 0.71 0.99 0.04 0.77 | HDL
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M_HDL_L 0.84

0.71

1.00

0.05

0.77

HDL

M_HDL_P 0.84

0.71

1.00

0.05

0.77

HDL

Table S5-7. Summary of associations between each metabolite and incident CKD in ET2DS
(N=831). Sorted by P-value (smallest to largest).

Age sex-adjusted model

metabolite | coeff or CIL Clu p fdr group

Glc 0.29 1.34 1.12 1.61 0.00 0.18 | Glycolysis-related

lle 0.30 1.35 1.1 1.64 0.00 0.18 | Amino acids

LA -0.27 0.76 0.63 0.92 0.00 0.18 | Fatty acids

Val 0.28 1.32 1.09 1.61 0.01 0.18 | Amino acids

Crea 0.54 1.71 1.17 2.52 0.01 0.18 | Fluid balance

bOHBut 0.24 1.28 1.07 1.53 0.01 0.19 | Ketone bodies

FAwW6 -0.25 0.78 0.65 0.94 0.01 0.21 | Fatty acids

PUFA -0.22 0.80 0.66 0.97 0.02 0.41 | Fatty acids

Tyr -0.21 0.81 0.67 0.97 0.02 0.41 | Amino acids

Pyr 0.21 1.23 1.02 1.49 0.03 0.42 | Glycolysis-related

EstC -0.20 0.82 0.68 0.98 0.03 0.42 | Lipoprotein particle
sizes

TotCho -0.21 0.81 0.67 0.98 0.03 0.42 | Lipoprotein particle
sizes

ApoA1 -0.20 0.82 0.67 0.99 0.04 0.49 | Apolipoproteins

TotPG -0.19 0.83 0.69 1.00 0.05 0.50 | Lipoprotein particle
sizes

Serum_C -0.19 0.83 0.69 1.00 0.05 0.50 | Lipoprotein particle
sizes

Ace -0.20 0.82 0.67 1.00 0.05 0.50 | Ketone bodies

Fully adjusted model.

metabolite | or CIL Clu fdr group

LA 0.77 0.63 0.93 0.01 0.73 | Fatty acids

Crea 1.56 1.05 2.35 0.03 0.73 | Fluid

balance
FAw6 0.81 0.66 0.99 0.04 0.73 | Fatty acids
Phe 0.81 0.67 0.99 0.04 0.73 | Amino
acids

Table S5-8. Sensitivity analysis: Summary of associations between each metabolite and incident
CKD in ET2DS (N=694). Sorted by P-value (smallest to largest).

Fully adjusted model

metabolite | coeff or CIL Ciu p fdr

LA -0.28 0.76 0.60 0.95 0.02 0.34
L LDL_CE -0.25 0.78 0.62 0.96 0.02 0.34
L LDL C -0.25 0.78 0.63 0.97 0.03 0.34
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L LDL_L -0.25 0.78 0.62 0.98 0.03 0.34
L LDL_P -0.25 0.78 0.63 0.98 0.03 0.34
Crea 0.52 1.68 1.05 2.70 0.03 0.34
lle 0.27 1.31 1.03 1.68 0.03 0.34
IDL_PL -0.24 0.78 0.63 0.98 0.03 0.34
LDL_C -0.23 0.79 0.64 0.99 0.04 0.34
IDL_L -0.24 0.79 0.63 0.98 0.04 0.34
IDL_C -0.24 0.79 0.63 0.99 0.04 0.34
IDL_CE -0.24 0.79 0.63 0.99 0.04 0.34
IDL_P -0.24 0.79 0.63 0.99 0.04 0.34
L LDL_PL -0.24 0.79 0.63 0.99 0.04 0.34
L LDL_FC -0.23 0.79 0.64 0.99 0.04 0.34
EstC -0.23 0.79 0.63 0.99 0.04 0.34
M_LDL_P -0.22 0.80 0.64 0.99 0.04 0.34
M_LDL_L -0.22 0.80 0.64 1.00 0.05 0.34
M_LDL_CE -0.21 0.81 0.66 1.00 0.05 0.34
IDL_FC -0.22 0.80 0.64 1.00 0.05 0.34
M_LDL_C -0.22 0.81 0.65 1.00 0.05 0.34

Table $5-9. Summary of associations between each metabolite and annual rate of eGFR change
% in ET2DS (N=1058). Sorted by P-value (smallest to largest).

Age sex-adjusted model

metabolite coeff CIL Clu fdr group

M_HDL_P 0.47 0.18 0.76 0.00 0.05 | HDL

M_HDL_L 0.46 0.18 0.75 0.00 0.05 | HDL

Val -0.44 -0.71 -0.16 0.00 0.05 | Amino acids

M_HDL_PL 0.45 0.17 0.74 0.00 0.05 | HDL

M_HDL_CE 0.44 0.15 0.72 0.00 0.05 | HDL

M_HDL _C 0.44 0.15 0.72 0.00 0.05 | HDL

TotPG 0.43 0.15 0.71 0.00 0.05 | Lipoprotein particle
sizes

Glc -0.41 -0.68 -0.14 0.00 0.05 | Glycolysis-related

Fully adjusted model

metabolite coeff CIL Clu fdr group

Val -0.36 -0.63 -0.08 0.01 0.57 | Amino acids

AcAce -0.32 -0.59 -0.05 0.02 0.57 | Ketone bodies

TotPG 0.32 0.04 0.60 0.03 0.57 | Lipoprotein particle
sizes

SFA 0.31 0.04 0.58 0.03 0.57 | Fatty acids

FAw6G 0.31 0.04 0.59 0.03 0.57 | Fatty acids

LA 0.30 0.03 0.58 0.03 0.57 | Fatty acids

M_HDL_P 0.31 0.01 0.60 0.04 0.57 | HDL

M_HDL_PL 0.30 0.01 0.59 0.04 0.57 | HDL
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TotFA 0.28 0.01 0.55 0.05 0.57 | Fatty acids
M_HDL_L 0.30 0.01 0.59 0.05 0.57 | HDL
PUFA 0.29 0.01 0.57 0.05 0.57 | Fatty acids
M_HDL_TG 0.28 0.00 0.55 0.05 0.57 | HDL

Table A5-10. Summary of associations between each metabolite and rapid decliner status in

ET2DS (N=1058). Sorted by P-value (smallest to largest).

Age and sex-adjusted model

metabolite | coeff or CIL Clu fdr

Glc 0.32 1.37 1.16 1.62 0.00 0.04

M_HDL_CE -0.28 0.76 0.64 0.90 0.00 0.06

M_HDL_C -0.28 0.76 0.64 0.90 0.00 0.06

M_HDL_L -0.28 0.76 0.63 0.90 0.00 0.06

M_HDL_P -0.28 0.76 0.64 0.90 0.00 0.06

M_HDL_PL -0.27 0.76 0.64 0.91 0.00 0.06

M_HDL_FC -0.25 0.78 0.66 0.93 0.00 0.09

TotPG -0.25 0.78 0.65 0.93 0.01 0.12

ApoA1 -0.26 0.77 0.64 0.93 0.01 0.12

TotCho -0.24 0.79 0.65 0.95 0.01 0.18

Gp 0.21 1.23 1.04 1.46 0.02 0.21

PC -0.22 0.80 0.67 0.96 0.02 0.23

HDL_C -0.21 0.81 0.68 0.98 0.03 0.31

SFA -0.20 0.82 0.68 0.98 0.03 0.31

Ace -0.20 0.82 0.68 0.98 0.03 0.34

bOHBut 0.18 1.19 1.01 1.41 0.04 0.34

S HDL_L -0.17 0.84 0.71 1.00 0.04 0.35

S_HDL_PL -0.18 0.84 0.71 1.00 0.05 0.35

lle 0.18 1.20 1.00 1.44 0.05 0.35

S_HDL P -0.17 0.84 0.71 1.00 0.05 0.35

Fully adjusted model

metabolite | coeff or CIL Clu fdr group

Glc 0.26 1.30 1.05 1.61 0.02 1.00 | Glycolysis-related

SFA -0.21 0.81 0.67 0.98 0.03 1.00 | Fatty acids

UnSat 0.19 1.21 1.00 1.46 0.05 1.00 | Fatty acids

TotPG -0.18 0.83 0.69 1.00 0.05 1.00 | Lipoprotein particle
sizes
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