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Abstract

Diabetes is a chronic disease that causes serious global challenges to the health
care system and continues to increase in the adult population. The lack of insulin or
insulin action is the primary cause of diabetes. Diabetes has several complications
including retinopathy, neuropathy, and nephropathy which affect the eyes, nerves,
and kidneys respectively. Diabetic nephropathy remains the main cause of chronic
kidney disease and the current diagnostic methods lack specificity, selectivity and
cannot detect the disease early and/or accurately monitor the progression of the

disease.

The aim of this study was to develop a quantitative ultra-high performance liquid
chromatography coupled to high resolution mass spectrometry method for
measuring amino acids concentration ratios in urine samples of non-diabetic and
diabetic patients which can be used by South African hospitals as an early diagnostic

tool of diabetic nephropathy.

A liquid chromatography mass spectrometry method with optimum separation
conditions of target amino acids (arginine, citrulline, isoleucine, ornithine,
phenylalanine, and tyrosine) on a C18 column was developed. The developed
method was validated for linearity R? in the analytical range of 0.01 mg/L to 5.00
mg/L. The accuracy (%recovery) and precision (%RSD), of the developed method
was determined by analysing quality control samples spiked with amino acid
concentrations of 0.10, 0.30, 0.50, 3.00, and 4.00 mg/L in between runs and on two
different days. The validated method was then used to analyse urine samples
qualitatively and quantitatively.

The collection of spot urine samples from two groups of participants: the diabetes
(glycated haemoglobin > 6.4%) group and non-diabetic patients (glycated
haemoglobin < 6.4%) group was conducted at Chris Hani Baragwanath Hospital,
South Africa. The degree of renal function predicted by the estimated glomerular
filtration (eGFRs) was used to categorise samples into 5 stages of chronic kidney
disease. The qualitative mass spectrometry data obtained from the analysis of urine
samples was submitted to the MetaboAnalyst data base to determine pathways
affected by diabetic nephropathy at different stages of chronic kidney disease and to



also identify compounds that can be used as biomarkers for both the onset and
progression of the disease.

The linearity R? on day one ranged from 0.960-0.999, while on day two it was 0.962-
0.999 therefore the method showed good accuracy for all the amino acids over the
two days analysis period. Amino acid concentration ratios of ornithine/arginine,
tyrosine/phenylalanine, and citrulline/ornithine showed statistically significant
differences between the control and the chronic kidney disease patient groups (stage
1 and stage 3). These amino acids ratios may have the potential to indicate both the

onset and progression of the disease.

Several biomarkers were identified in the qualitative analysis, but L-arginine was the
most sensitive biomarker for early chronic kidney disease as well as for disease
progression. The metabolism of D-glutamine was one of the pathways that was
strongly impacted by the disease and could be a predictor for the disease
progression.

The study demonstrated that both the quantitative data and qualitative data obtained
from the mass spectrometry, when used together or independently can assist in the
biomarker discovery for diabetic nephropathy. It also showed that mass spectrometry
is a promising technique for the detection and quantification of biomarkers, and the

method would be revalidated to ensure that all the validation criteria are met.
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Chapter 1: Introduction

1.1 Overview

Diabetes is a chronic disease that causes serious challenges to the health care
system and continues to increase in the adult population. It is a metabolic disease
that affects well-developed and developing countries [1,2]. The international diabetes
federation (IDF) estimated that approximately 5 million deaths occur on an annual
basis globally in the population group aged between 20-79 years [3]. South Africa
has the highest prevalence of diabetes in sub-Sahara Africa and diabetes is the
second highest cause of morbidity and mortality in this country [4]. Diabetes has
several complications which can be grouped into two types, macrovascular
complications resulting in stroke and atherosclerosis (heart), and microvascular
complications resulting in nephropathy (Kidney failure), retinopathy (blindness) and

neuropathy (amputations) [5].

One of the most severe complications of diabetes is diabetic nephropathy (DN)
which affects the kidneys, and it is highly common among patients who have had
type 2 diabetes for more than 10 years. The major challenges faced by health care
systems in dealing with this complication, are due to the fact that the development
and progression of DN is still not fully understood [6]. Diabetic nephropathy and/or
chronic kidney disease (DN/CKD) are the major cause of end-stage renal disease
(ESRD) (kidney failure), and a risk factor for cardiovascular disease (CVD) as well as
stroke [7].

There are several clinical diagnostic techniques for DN, but the measurement of
albumin concentration in urine (microalbuminuria) remains the most common
diagnosis for DN. It is used to predict the onset and progression of DN. However,
albumin as a biomarker has been shown to lack specificity and sensitivity, which at
times may result in an inaccurate diagnosis. Patients with normoalbuminuria (lower
concentration of albumin in urine) may show a decline in glomerular filtration rate
(GFR) (kidney function), hence researchers are actively looking for better and more

sensitive biomarkers [8,9].



Metabolomics research is one of many types of research which are currently being
explored in the pursuit of treatment and early diagnosis of diabetes and its
complications. This approach uses the metabolic information of patients to determine
their health status [10]. Metabolomics aims at improving sensitivity and selectivity for
diagnosis and explaining the biochemical processes involved in disease
manifestation and progression [11]. There are two main types of metabolomics, the
targeted and untargeted type; the targeted type focuses on the quantity of the known
groups of metabolites [12]. While untargeted metabolomics is aimed at profiling all
metabolites of different classes found in the biological matrix of interest (urine, blood,
etc.) [13]. Both targeted and untargeted metabolomics often involves sample
preparation such as extraction, pre-concentration, and derivatization of analytes

before analysis [12].

Previous metabolomic studies have shown that some branched chain (isoleucine,
leucine, valine), and aromatic amino acids (tyrosine, and phenylalanine) are
associated with diabetes and diabetic nephropathy progression, these studies also
reveal biological mechanisms of amino acids, phospholipids, and lipids [8]. Other
studies have looked at genomics, transcriptomics, and proteomics but these have
not revealed the progression of DN in detail. Furthermore, plasma metabolomics
have shown a limited number of compounds linked to the disease progression,
however, urine metabolomics offers a vast measurable range of metabolites that are

directly linked to kidney dysfunction [10].

The analysis of amino acids in biological fluids is central in determining the status of
a person’s nutrition, tissue damage as well as renal function. Several
chromatographic methods such as ion-exchange chromatography as well as pre-and
post-column derivatisation methods for the analysis of amino acids have been
reported. But these techniques are lengthy and utilize expensive reagents.
Furthermore, they are also not suitable for urine metabolomics procedures as they
are prone to co-elution of compounds which results in poor identification of analytes
[14].

Liquid chromatography-mass spectrometry (LC-MS) enables fast analysis of
analytes, reduces the amount of time spent in sample preparation, and increases

sample throughput and selectivity [15]. Biofluids of interest in diagnostics and
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biomarker research are urine, serum, plasma, and whole blood. Urine has added
advantages over other biofluids. It is easily obtained in large quantities non-
invasively, compounds are fairly stable in it, and it may reflect most pathological
changes in the human body hence its best suited for monitoring disease progression
[16].

Newer techniques in chromatography such as high-performance liquid
chromatography-electrospray ionization tandem mass spectrometry (HPLC-ESI-
MS/MS), give added advantages over traditional LC-MS systems because they
reduce sample preparation times while improving throughput and increasing
sensitivity [17]. Other advances in mass spectrometry technology are single reaction
monitoring (SRM) and multiple reaction monitoring (MRM). These advances enable
the separation of target analytes ions from other ions (matrix or inter-fearing
compounds), hence increasing selectivity and simplify the identification of target
analytes [18]. The SRM and MRM techniques can quantify analytes in complex

metrics.

In clinical or forensics studies it is important to validate the developed method used
in the identification and quantification of analytes of interest. This ensures that the
results are accurate and reliable and will not lead to incorrect conclusions about a
patient condition or prosecution of the wrong person in legal proceedings [19]. The
method to be validated can be developed in-house, obtained from literature, or from
another laboratory. Parameters to be validated include but are not limited to
sensitivity, selectivity, accuracy, precision, reproducibility, and stability [20]. Hence,
this study focuses on the development and validation of a UHPLC-ESI-HRMS
method to be used in the qualitative and quantitative determination of potential DN

biomarkers.

This research was conducted in collaboration with the chemical pathology
department at Chris Hani Baragwanath Hospital, Gauteng. It was noticed at several
clinics that patients progressed to the late stages of kidney disease, and a
considerable percentage require dialysis. This meant that the current problem needs
immediate attention and exploration of other possible early biomarkers [21].



1.2 Diabetes

1.2.1 Diabetes definition

Diabetes is a metabolic disorder caused by high levels of glucose in the blood
(hyperglycaemia). It affects several metabolic pathways, such as fat, carbohydrates,
and protein. Diabetes results from the shortage of insulin or from its inability to
regulate glucose, therefore a sustained high concentration of glucose in the blood is
a characteristic marker for diabetes [22]. The role of insulin in the human body is to
regulate the glucose concentration in the blood and its movement or absorption into
cells. The insulin hormone is produced in the pancreas. Glucose is converted into

energy, and this drives metabolic processes, hence it is an essential molecule [5].

Most cells in the human body require insulin, to store and use nutrients from the food
we eat. The shortage or inability to use insulin results in functional changes in
muscles and liver (Figure 1.1), such as inhibition of protein synthesis, and this results
in protein degradation. Amino acid concentrations in plasma, as well as in urine are

altered in patients with diabetes [23].
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Figure 1. 1. Metabolic pathways affected by diabetes as well as different organs and

their biomarker molecules [24].



The majority of cases of diabetes can be classified into two types, namely Type 1
diabetes (T1D) and Type 2 diabetes (T2D).

1.2.1.1 Type 1 diabetes T1D

Typel diabetes (T1D) is the least prevalent form, and only accounts for 10% of all
cases. It is caused by autoimmune destruction of 3-cells found in the pancreas and
is mostly detected in early childhood [25]. The destruction of B-cells results in
insufficient or absence of insulin and in turn the development of hypoglycaemia,
ketoacidosis and finally hyperglycaemia [26]. T1D can occur at any age and is no
longer called insulin-dependent or juvenile diabetes because other forms can require
insulin treatment. The destruction of B-cells in the pancreas can result from many
factors such as virus infections, genetic susceptibility, and autoimmune. The exact
cause of autoimmune destruction is not fully known, but the body can attack itself by
secreting antibodies.

1.2.1.2 Type 2 diabetes T2D

Type 2 diabetes (T2D) occurs when there is insufficient insulin and /or a poor
response to insulin in the tissues. Several organs are involved in the development of
T2D such as the liver, pancreas, kidneys, brain, small intestine, adipose tissue, and
skeletal muscle [27]. The concentration of nitric oxide (NO) which is responsible for
monitoring blood vessel’s diameter and function, is reduced due to hyperglycaemia
or insulin resistance and this increases the risk of patients developing CVD [28]. T2D
is caused by a combination of factors, such as stress, anxiety, old age, obesity, poor
lifestyle and diet, this results into the body not being able to produce enough insulin

to cope with high glucose levels [29].

Some patients can have both type 1 and type 2 diabetes, this is known as double
diabetes. It is believed that patients with type 1 diabetes can develop type 2, due to
family history, and usually become obese due to insulin resistance even if they

increase their insulin dose [30].

Gestational diabetes is another type of diabetes which is found during pregnancy
and results from glucose intolerance, it is tested in healthy patients, and only a few

patients remain diabetic after pregnancy [31].



1.2.2 Diabetes prevalence

1.2.2.1 Global prevalence

The prevalence of diabetes is increasing globally and has continued to do so for
many decades. The world health organisation (WHO) estimated that 30 million
people had diabetes worldwide in the 1960s and that this number had risen to 151
million by the year 2000 and to 385 million people by 2013 [32]. In 2019 the
International Diabetes Federation (IDF) estimated that there were 463 million people
living with diabetes globally and the number is projected to increase to 700 million by
2045. This raises a concern because approximately 40% of both type 1 and type 2

diabetes cases result in DN [33].

Global estimates by IDF show that there is approximately 50% of undiagnosed
people who are living with diabetes and in Africa the percentage (69.2%) was
estimated to be is higher. Approximately 77% of deaths in Africa occur in the
population group below the age of 60 years. The global and African statistics show

that approximately 90% of diabetes cases are due to type 2 diabetes [34].

1.2.2.2 African prevalence

In the African continent the IDF estimates that 15.9 million people are living with
diabetes, this continent has the largest number of undiagnosed people with diabetes
in the world, and Africa will experience a 156% increase in diabetes cases by 2045
[35]. In South Africa the prevalence of diabetes nearly doubled in less than 10 years,
increasing from 5.5% in 2000 to 9% in 2009 and approximately 73 000 diabetes-
related disabilities were recorded in that year 2009. Approximately 8000 people lost
their eyesight, and 2000 amputations were reported mostly linked to type 2 diabetes.
Such a rapid rise in the disease results in immense pressure on the economy of the
country. The national Department of Health (DOH) proposed a prevention strategy

which was to tax foods with high sugar content [36].



1.2.2.3 South African prevalence

The prevalence of diabetes in South Africa remains underestimated, but recent data
shows that the two main contributing factors to this sharp rise are an unhealthy diet
accompanied by lack of physical activity, which results in obesity. Approximately
87% of women and 39% of men are reported to be obese, the studies which show
these predictions remain small in South Africa [34]. The majority of cases in Africa
are more prevalent in the working class which is between the ages of 40 to 60 years.
This is different from the global prevalence; diabetes seems to affect older
populations >60 years [37]. Estimates by IDF show that diabetes in South Africa had
moved from being the fifth cause of death to the second in just 2 years from 2013 to
2015, with 2.3 million people believed to have diabetes in 2015 [38].

1.2.3 Diabetes diagnoses

The criteria for diagnosing diabetes according to World Health Organization (WHO)
involves the following parameters: a plasma glucose level of >7.0 mmol/L when
fasting or a 2-hour plasma glucose level of >11.1 mmol/L, and more recently a
glycated haemoglobin (HbA1c) level of >6.5% is recommended by WHO as the cut-
off point for diabetes diagnosis [26]. HbAlc is the standard measure for diagnosing
and monitoring type 2 diabetes, it provides information about the patient’s average
glucose levels in the blood for a period of 2 to 3 months. The binding of glucose to
haemoglobin is a non-enzymatic process, whereby glucose binds to the N-terminal
of the protein Scheme 1.1 [39].

The measurement of random glucose and HbAlc is usually carried out using a
glucometer and DCA vantage instrument respectively. The glucometer measures
glucose concentrations in the concentration range of 0.6-33 mmol/L, while DCA
vantage measures HbAlc in the percentage range of 2.5-14%, these instruments
are currently used in clinical settings such as in Chris Hani Baragwanath Academic
Hospital, Diabetic Clinic in South Africa [40].



G OH OH

@)
+ X OH

NH, OH OH
Hemoglobine GLUCOSE

¢ (

OH OH )

N
HO™ 7
OH OH
shiff base

l Amadori rearrangement

(

OH OH )
N

HO . \

H H

OH OH

HbAlc

Scheme 1. 1: The process of glycation of haemoglobin (HbAlc) by glucose molecule

[39].

Determining a patient’s diabetes status using HbA1c measurement is advantageous

over other diabetes prognoses (which measure glucose concentration). HbAlc

measurements are not influenced by rapid changes in the concentration of glucose

such as when fasting or after meals and is also not affected by the patient’s medical

conditions [41]. Glycation of haemoglobin is an irreversible non-enzymatic reaction

and once glucose is bound HbAlc remains in the red blood cell for almost 4 months

[42].



1.2.3.1 Diabetes Complications

There are two main classes of diabetes complications, they are microvascular and
macrovascular complications, the most prevalent form is microvascular

complications.

1.2.3.2 Macrovascular complications

Macrovascular complications can be subdivided into three diseases which are
cardiovascular disease, stroke, and peripheral artery disease (diabetic foot

syndrome) responsible for foot ulcers and leg amputations [43].

1.2.3.3 Microvascular complications

Retinopathy, neuropathy, and nephropathy are the result of microvascular
complications. The major cause of blindness and visual complications in diabetes
patients is diabetic retinopathy, but other causes need to be examined upon
diagnosis [44]. Retinopathy is mostly associated with type 1 diabetes and is seen in
a third of patients upon diagnosis, but only fully establishes itself in youth [45].
Cardiovascular disease is the leading cause of death among adults with and without
diabetes but individuals with diabetes remain at high risk [46].

The most severe disease in microvascular complications is diabetic nephropathy
(DN) also referred to as diabetic kidney disease (DKD), it was traditionally described
by the presence of microalbuminuria, although recent studies show that
microalbuminuria diagnoses lack consistency and can lead to misdiagnoses or

proper classification of patients [47].

In both micro- and macrovascular complications, the susceptibility of gender has not
been fully demonstrated. Macrovascular complications appear to affect more women
than men. Micro- complications with respect to retinopathy are observed more in
men than in women, similar trends are observed with neuropathy and DN, but these

studies were conducted on small populations. It is important to understand the sex



discrepancies in the occurrence of these complications as this would make
therapeutic interventions more effective and personalised [48].

Obesity as a risk factor for developing nephropathy, peripheral neuropathy,
retinopathy cardiovascular autonomic neuropathy is actively being researched and
some findings show a strong association with nephropathy and neuropathy, but not a
strong link to retinopathy [49].

1.3 Diabetic Nephropathy (DN)

1.3.1 Diabetic definition

Diabetic nephropathy (DN) is a microvascular complication resulting from diabetes.
The major causes for the onset and progression of DN are hyperglycaemia,
hyperlipidaemia, and hypertension [50]. Kidney disease is defined as any abnormal
function of the renal system resulting from inflammation, blood flow impairment
(hemodynamic), fibrotic lesions, and irreversible organ damage. Kidney disease
which results in the damage of the glomeruli (glomerulosclerosis) and kidney tubules
(tubulointerstitial fibrosis), as a result of chronic disease, is known as chronic kidney
disease (CKD). Most cases of CKD are caused by DN but can also result from other

several pathological conditions [51].

An increase in the excretion of urinary albumin accompanied by a decline in renal
function as indicated by reduced glomerular filtration rate (GFR) as well as increased
plasma concentration of creatinine are characteristics of diabetic nephropathy (DN).
Microalbuminuria is the historic biomarker for DN. An amount of 30-300 mg per day
of albumin or 2.5-25.0 mg/mmol, 3.5-35.0 mg/mmol of albumin/creatinine ratio in
males and females respectively is an indication of microalbuminuria [52]. A decline in
glomerular filtration below 60 mL/min/1.73 m? for a sustained period of approximately
three months with the presence of kidney damage is used as a biomarker for CKD.
GFR is calculated by estimation using chronic kidney disease epidemiology
collaboration (CK-EPI), and modification of diet in renal disease (MDRD) equations,
which uses the concentration of plasma creatinine [53]. GFR or estimated glomerular

filtration rate (eGFR) is used to classify CKD into five stages of renal function [54].
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The development of DN is a complex process but the driving factor is
hyperglycaemia which results in the production of reactive oxygen species, which in
turn causes oxidative stress. This then affects several processes such as lipid
metabolism, insulin signalling, and glomerular hypertension [55]. The role of
oxidative stress in the onset of DN and progression to ESRD is an important factor to
consider. It is linked to several metabolic disturbances, as well as affecting the
normal functioning of the kidneys. It achieves this by destroying cells in the kidneys

(podocytes) and preventing self-repair (fibrosis) of tubulointerstitial tissue [33].

1.3.2 Diabetic nephropathy Prevalence

The prevalence of DN is increasing rapidly due to the ever-increasing diabetes
epidemic, approximately 30-50% of patients with diabetes develop the renal disease.
Patients with DN have an increased chance of premature death, developing end
stage renal disease (ERSD), needing a kidney transplant, and developing
cardiovascular diseases. The burden of kidney diseases in Africa remains very
irregular (poor data availability), and there is not enough data on the incidence of
kidney disease in African populations with diabetes [56]. Approximately 60% of
deaths globally are a result of chronic non-communicable diseases and 80% of these
deaths occur in developing countries. CKD affects 10% of the adult population, and
due to high limited financial resources in many parts of sub-Saharan Africa, not
many people requiring dialysis and renal transplant receive these services [7]. South
African data shows that T2D was responsible for a 38% increase in the number of
deaths in a seven-year period (1999-2006), and 67% of the deaths were attributed to
kidney diseases [57].

Amongst T1D patients only a third develop DKD, while the number is higher (40%) in
patients with T2D. Most CVD events and deaths are associated with DKD, the
highest ever recorded rapid rise of DKD deaths was between 1990-2012 with an
almost 100% increase [58].

T2D patients with poorly controlled hyperglycaemia progress to later stages of DN

(macroalbuminuria) within a 20-year period, and this results in approximately 20% of
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ESRD cases. Due to the irreversible nature of ESRD T2D patients are encouraged
to check their DN status once a year after being diagnosed with diabetes [59].

1.3.3 Diabetic nephropathy diagnosis

Diagnosis of diabetic nephropathy (DN) before the 80s was defined as the presence
of proteins in urine. A value greater than 0.5 grams in a urine sample collected in a
24-hour period was characteristic of nephropathy. Later research showed that the

presence of albumin in urine (microalbuminuria) was an early indicator of DN [60].

In South Africa, the clinical diagnostic technique for determining diabetic
nephropathy uses the DCA vantage instrument (Status Analyser), which calculates
the ratio of albumin to creatinine in urine samples, a single test using this technique
is not reliable hence a patient needs to do at least 2 tests in a period of 3 to 6
months [61].

The test conducted using the DCA vantage instrument takes approximately 7
minutes, and the patient is classified as negative if the albumin to creatinine ratio is <
3.5 mg/mmol for females, and < 2.5 mg/mmol for males. If the ratio is > 3.6 mg/mmol
for females, and> 2.6 mg/mmol for males, the patient is showing signs of kidney
injury (microalbumin stage). A value > 36 mg/mmol for females, and > 26 mg/mmol
for males shows extensive kidney injury (macroalbumin stage) [62]. In the UK and
the rest of Europe, GFR is the standard measure for renal function, it is determined
by measuring the clearance of insulin, but it is tedious compared to chromium-
ethylenediaminetetraacetic acid (Cr-EDTA) which has been shown to give better and

more accurate results [63,64].

1.3.4 Management and treatment (DN)

The management of nephropathy patients involves, high blood pressure (BP)
control, a BP value of <130/80 mmHg is recommended, also a blood glucose level of
< 6.5% needs to be sustained. Nutritional adjustment, lower salt intake, and weight
loss for obese patients are some of the many suggested strategies to manage the
disease [65].

12



In order to control DKD or DN, the distinction between non-diabetes and diabetes
causes of the disease needs to be well understood and thoroughly investigated
These can be seen if proper patient management and follow-ups are done. Recent
data shows the following differences between CKD caused by diabetes and the one
caused by other factors: a) rapid onset of proteinuria, b) rapid progression of CKD in
a short period since the onset of diabetes and c) the absence of retinopathy if these

are observed then the cause is nondiabetic [66].

1.4 Kidneys Function

1.4.1 Normal kidney function

A human kidney’s (Figure 1.2) functional unit is the nephron and is made up of the
glomerulus which is a system of small tubes where filtration takes place, this is

achieved by filtering

blood from circulation and converting the filtrate to urine. A GFR of approximately
90L/day is deemed as a normal filtration rate, this helps the kidney to achieve its task
of monitoring the concentration of dissolved substances as well as the amount of
water in circulation [67]. Amino acid reabsorption by the kidneys is approximately 97-
98%. The kidney is also involved in amino acid interconversions, which influence the
concentration of plasm amino acid, the conversion of Phe to Tyr, Gly to Ser, and Cit
to Arg, these are some of the conversions that are carried out by the kidney. Some
studies show that the conversion of Phe to Tyr occurs in the kidneys as much as it

does in the liver [68].
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Figure 1. 2: The anatomy of a kidney [69].

1.4.2 How Diabetic Nephropathy affects the kidneys

Diabetic nephropathy is known to affect all the renal cellular elements, which include
the glomerular endothelium, mesangial cells, podocytes, and tubular epithelium. The
first changes that occur involve the thickening of the glomerular basement, resulting
in glomerular enlargement, followed by increased glomerular filtration [70]. During
DN progression podocytes can be excreted into the urine, podocytes are a
specialised type of cells found in the glomerular basement membrane and are
responsible for preventing leakage of proteins, this loss of podocytes is then
characterised by the presence of proteinuria [71]. The renal impairments caused by
both types of diabetes are the same, as DN progresses the degradation of the
compartments of the filtration system of the kidney results in hyperfiltration, and

microalbuminuria [72].

An understanding of the disease mechanism and its progression is critical in
managing patients and improving their quality of life. Several pathways are affected
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by DN, and to date, there is no effective treatment that is being used to prevent

patients from progressing to the late stages of the disease [73].

Persistent hyperglycaemia in diabetic patients can result in the formation of

advanced glycation end products (AGEs) (Figure 1.3), which leads to advanced

glycation of long-lived proteins and short-lived proteins. AGEs are also found in the

foods we eat and are responsible for kidney damage. Advanced glycation is believed

to be a process by which aging or old proteins are tagged for degradation. When a

person gets old, AGEs are formed due to long-term exposure of proteins to glucose,

increased insulin resistance, and declining kidney function [74].
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1.5 Diabetic nephropathy biomarkers

1.5.1 Biomarker definition

A biomarker is a measure of change in a biological system, which can differentiate
between biological processes occurring due to pathogenic, environmental, or

pharmaceutical interventions [73]

1.5.2 Trends in DN biomarkers

Monitoring and keeping HbAlc levels low have been shown to reduce the chances
of developing micro- and macrovascular complications, but this is not necessarily
always effective as in some cases keeping lower glycaemic levels for diabetic
patients does not prevent the development of both micro- and macro- complications
[41]

DN biomarker research is an active field that continues to grow. There are many
molecular approaches, which are searching for early indicators of DN, and they are
more sensitive and usable than the current microalbuminuria, one such technique
looks at using micro-RNA (miRNA). These types of RNA are believed to increase cell
production (fibrosis) in an event where kidney injury has occurred hence there are

mostly upregulated and can act as early markers of DN[76].

Other alternative markers that are being studied include renal structures that are
outside the glomerulus (tubulointerstitial) (Figure 1.4) and can indicate differences in
pathogenic processes of renal injury. These structures have been studied recently
and shown to associate well with renal function decline and can indicate the
pathogenesis of diabetic nephropathy. These potential biomarkers might be better

indicators of renal progression and prognosis in T2D [77].

16



Afferent Efferent

arteriole arteriole
! |
ﬁ) 1. Filtration
Glomerular 2. Reabsprptlon
capillaries 3. Secretllon
4. Excretion

Bowman's
capsule

Peritubular
capillaries

Renal
vein

Urinary excretion
Excretion = Filtration — Reabsorption + Secretion

Figure 1. 4: The normal functioning of a glomerulus [69].

1.5.3 Examples of biomarkers (DN)

Arginine derivatives, asymmetric dimethylarginine (ADMA) and symmetric
dimethylarginine (SDMA), are formed from the hydrolysis of proteins in an enzymatic
process catalysed by arginine methyltransferases. They are promising as possible
indicators of renal dysfunction. They are both associated with CVD, ADMA is also
linked to other diseases such as high cholesterol, build-up of fat, diabetes, and CKD
[78].
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1.6 Amino acid metabolism

1.6.1 Essential and non-essential amino acids

Amino acids are found in two forms of chirality (dexter- D and laevus- L) except for
the glycine amino acid. The L-isomers are the most abundant amino acids in nature
or biological systems. Amino acids are important building blocks of proteins and also
participate in metabolic pathways as intermediates. The D-amino acids which have
been thought to play no significant role in biological systems are recently being

studied in biomarker discovery [79], but L-amino acids dominate this field.

Some studies have shown that the metabolism, synthesis, and excretion of aromatic
amino acids are altered in CKD progression, this is seen in the case of phenylalanine
and tyrosine whereby their plasma concentration is increased and decreased
respectively. This suggests that the action of the phenylalanine hydroxylase is
affected by CKD. The phenylalanine hydroxylase converts phenylalanine to tyrosine,
scheme 1.2. and its activity can be evaluated by monitoring the increase or decrease
of the tyrosine/phenylalanine concentration ratio which indicates less or more

production of tyrosine [80].

Alterations in the concentration of branched-chain amino acids has been linked to
T2D (insulin resistance) and these can act as early indicators of T2D long before
diagnosis and manifestation of complications. The most abundant essential amino
acids are the branch chain amino acids, these include leucine, isoleucine, and valine
[81].
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1.6.2 Interconversions of amino acids

Changes in the amino acid metabolism can give insight as to which pathways are
affected by DN, this could be monitored by studying the conversion concentration

ratios of certain amino acids in diseased patients and normal patients.

The branched-chain amino acids (leucine, isoleucine, and valine) are essential and
are only available through diet. In the TCA cycle, they are catabolised to either
acetyl-CoA or succinate-CoA, (Scheme 1.3), by transamination and decarboxylation

form the main steps of the reaction [83].
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Scheme 1. 3: Pathway of branched chain amino acids [83].

During the metabolism of arginine, arginine is converted to citrulline by the action of
hydroxy-L-arginine (Scheme 1.4). It is also converted to ornithine, by the action of
arginase. Ornithine is converted to citrulline which gets converted back to arginine by

the action of arginine succinate [84].
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Scheme 1. 4: The metabolism of arginine [84].

Glycine is a non-essential amino acid, its interconversion from serine is carried out
by hydroxymethyltranferase enzyme which removes a carbon from serine and adds
it to the methionine metabolic pathway cycles (Scheme 1.5) [85].

0]
0]
H;N——CH—C——OH Hydroxymethyltransferase
> H,N—CH—C——O0H
i, |
H
OH
THFA NN-Mehylene THFA Glycine

Serine

Scheme 1. 5: The conversion of serine to glycine by the action of

hydroxymethyltranferase enzyme [85].

The conversion concentration ratios of amino acids in diseased patients and normal
patients can be monitored using liquid chromatography coupled to a mass
spectrometry or tandem mass spectrometry (LC-MS or LC-MS/MS).
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1.7 Liquid chromatography coupled to a mass spectrometry or tandem mass
spectrometry (LC-MS or LC-MS/MS)

1.7.1 HPLC-MS

The most recent and more sensitive methods used to analyse amino acids in
biological fluids, include the use of a liquid chromatography coupled to a mass
spectrometry or tandem mass spectrometry (LC-MS or LC-MS/MS). Traditionally LC-
MS methods for amino acid analysis involved long sample preparation techniques
such as removal of ammonia in the urine samples [86]. This was followed by

derivatisation of amino acids to be analysed.

1.7.2 Sample storage

Sample storage plays an important role in quantitative analysis, the concentration of
certain amino acids can be altered by storage conditions such as temperature and
the duration of storage. The freezing and thawing cycles can also affect the
measurement of amino acid concentration, the ideal condition of storage for urine
sample for metabolite analysis is < -20°C and the number of thaw cycles should be

kept to a minimum [87].

1.7.3 Instrumentation

Tandem mass spectrometry (MS/MS) technique is based on structural
characteristics of analytes obtained by fragmentation through collision (Scheme 1.6),
it is a powerful technique for quantitation. In most practices, it is coupled with high-
performance liquid chromatography (HPLC), which greatly increases its analytical

performance by reducing the matrix effect thereby improving ionization [88].
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Scheme 1. 6: Structural characteristics (quantifier ions) of phenylalanine (top) and
tyrosine (bottom) obtained by fragmentation through collision at 15.00 eV and 12.00

eV using multiple reaction monitoring (MRM) respectively [89].

The multiple reaction monitoring (MRM) technique is a powerful quantification tool in
mass spectrometry and enables for many parent ions (targeted analytes) to be
analysed in a single run. Prior knowledge of the masses to be separated is important
such that the generated product ions (daughter ions) of each parent ion are stable
(reproducible) under known mass spec conditions [88].

For screening a large pool of metabolites within a single analysis, untargeted
metabolomics methods which utilize UPLC-QTOFMS are best suited because they
capture all detectable metabolites in the matrix of interest (i.e., urine or plasma). In
this technique analytes eluting from UHPLC are ionized in an electrospray ionization
source (ESI), at atmospheric pressure. lonization is achieved by the use of a strong
electric field applied to the eluent as it passes through the nebulizer, resulting in
molecular ions and their adducts, which then enter the mass spectrometer for

analysis. The detected analytes are then identified based on their accurate mass,
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mass spectra, and retention time by comparison to standards or using online
databases [90]

In mass spectrometry (MS) there are different types of mass isolation systems called
mass analysers, and they vary in their degree of sensitivity, resolution, and accuracy.
They include time of flight (TOF), quadrupole, Fourier transform ion cyclotron
resonance (FT-ICR) and orbitrap and can be hyphenated to enable tandem MS
experiments (MS/MS, MRM etc.) these analysers are capable of separating
molecules of the same nominal mass, provide accurate mass, and detect very low

concentrations [91].

In this study electro spray ionization was used to ionize molecules. An eluent solvent
either from HPLC or syringe pump, enters into the ESI source through a sprayer
needle which is kept at high voltage (2—6 kV). This strong electric field results in
highly charged droplets which are dried by N2 gas, and then flow through a capillary
into the mass analyser The advantages of using this technique over other ionisation
techniques is its ability to ionize a wide variety of biological molecules such as
protein and nucleic acids. It enables rapid identification of molecules based on their

molecular mass [92].

1.8 Aims and Objectives

1.8.1 Aim

The aim of this study was to develop a quantitative UHPLC — QTOF HRMS method
for measuring amino acid concentration ratios in urine samples of non-diabetic and
diabetic patients and to analyse the relationship between the changes in amino acid

ratios and known diabetes indicators in the patient clinical data.

1.8.2 The main objective was:

e To develop and validate an LC MS/MS gquantitative method for the analysis of

amino acids in human urine samples.
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To determine and contrast the changes in concentrations of amino acids
(Phe, Tyr, Arg, lle and Cit) which are affected by diabetes amongst diabetic
and non-diabetic patient groups using the UHPLC-HRMS.

To analyse the relationship between changes in amino acid ratios and the
known patient clinical data such as estimated glomerular filtration rate (eGFR)
decline in diabetic and non-diabetic patients.

To determine other metabolites that are significantly elevated or decreased in
the amino acid (Arg, Cit, Orn, lle Phe, and Tyr) interconversion metabolic
pathways of diabetic patients using the MetaboAnalyst database.

1.8.3 Hypothesis and Question

Question: Can amino acid concentration ratios acquired using the LC MS/MS from

urine samples be used as early indicators of diabetic nephropathy?

Hypothesis: The significant difference observed in concentration and metabolism of

some amino acids between non-diabetic patients and diabetic patients can be

measured using the UHPLC-HRMS and utilized as an indicator to the early

development of diabetic nephropathy.
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Background: Diabetic kidney disease is a major complication resulting from type 1 and type
2 diabetes. Currently, the microalbuminuria test is used to monitor renal function; however,
it does not detect albumin until progressive loss of renal function has occurred.

Objective: This study analysed the relationship between changes in amino acid ratios and
estimated glomerular filtration rate (eGFR) decline in diabetic and non-diabetic patients.
Methods: Urine samples were collected from participants between February 2019 to April
2019 and analysed from November 2020 to January 2021. Diabetic (glycated haemoglobin >
6.4%) and non-diabetic patients (glycated haemoglobin < 6.4%) from Chris Hani
Baragwanath Hospital, South Africa, were further categorised based on the degree of renal
function predicted by the eGFRs. Amino acids were quantified using tandem mass
spectrometry to determine the concentrations and ratios of tyrosine/phenylalanine,
ornithine/arginine, arginine/citrulline and citrulline/ornithine at different stages of the
chronic kidney disease.

Results: Among diabetic patients, the tyrosine/phenylalanine ratio showed a statistically
significant increase (p = 0.04) as the eGFR declined from stage 1 to stage 4; the
ornithine/arginine ratio showed a strong negative correlation with eGFR. The
citrulline/ornithine ratio differed between the diabetic and non-diabetic patients in stage 1 of
chronic kidney disease.

Conclusion: Amino acid ratios (ornithine/arginine and tyrosine/phenylalanine) are affected
by the progression of diabetes and can be correlated to renal function. The
citrulline/ornithine ratios differ between the studied groups in stage 1 of the disease and
may be utilised to predict the onset of chronic kidney disease.

Keywords: diabetic nephropathy; albuminuria; amino acids; LC-MS/MS; chronic kidney
disease; glomerular filtration rate.
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Introduction

Diabetic nephropathy or chronic kidney disease (CKD), resulting from both type 1 and type
2 diabetes, is one of the leading causes of death in the world among non-communicable
diseases.’? Diabetic nephropathy usually develops about 10 years after the onset of
diabetes.> Chronic kidney disease affects about half a million people globally, and people
with CKD are at a high risk of developing stroke and cardiovascular disease. Chronic kidney
disease patients are most likely to die from cardiovascular disease than progress to end-
stage renal failure.

In South Africa, diabetic nephropathy is diagnosed clinically using a digital community
analyser vantage instrument that measures the amount of albumin and creatinine, as well as
the ratio of albumin to creatinine (A/C) in urine. The diagnostic criteria based on the A/C
ratio are as follows: normal range < 3.5 mg/mmol (female) and < 2.5 mg/mmol (male);
microalbumin range 2.6 mg/mmol — 25.0 mg/mmol (female) and 3.6 mg/mmol — 35.0
mg/mmol (male); macroalbumin range 26.0 mg/mmol — 100.0 mg/mmol (female) and 36.0
mg/mmol — 100.0 mg/mmol (male).5 Although the A/C ratio is a good indicator of CKD, the
detected value needs to be sustained in the patient over 3 months to accurately diagnose
CKD.¢ It also lacks specificity and sensitivity during a progressive decline in renal function
and can give false results, where patients with CKD could appear normal.”The glomerular
filtration rate (GFR) is an important marker in the assessment of kidney function. It can be
calculated using the CKD Epidemiology Collaboration formula and the modification of diet
in renal disease equation. The modification of diet in renal disease equation estimates the
GFR (eGFR) based on age, sex and serum creatinine (SCr).”® Renal decline in CKD is
classified into five stages, which indicate the progression of the disease. These stages are
based on the GFR and include stage 1 (= 90 mL/min per 1.73 m?), stage 2 (60 mL/min — 89
mL/min per 1.73 m?), stage 3 (30 mL/min — 59 mL/min per 1.73 m?), stage 4 (15 mL/min — 29
mL/min per 1.73 m?) and stage 5 (< 15 mL/min per 1.73 m?).?

The assessment of GFR using SCr concentrations gives inconclusive results in the early
stages of renal decline and lacks sensitivity because SCr only becomes detectable after renal
decline has progressed significantly. The CKD Epidemiology Collaboration formula
provides a good indicator of the eGFR in the early stages of CKD (> 90 mL/min per 1.73 m?);
however, it also underestimates the GFR in diabetic patients.!” Similarly, although the
modification of diet in renal disease equation provides reliable results for patients with
CKD, it may give false positives for healthy patients.®

Measuring the concentration of amino acids in the body is important in the diagnosis and
management of several metabolic abnormalities. Amino acid concentrations can be used to
determine the status of patients” nutrition, renal function and tissue injury." The metabolism
and excretion of amino acids such as phenylalanine and tyrosine have been reported to
undergo considerable changes in patients with CKD.!? Urine is the most preferred biofluid
in metabolomics due to its ease of collection in large volumes and its lesser complexity
compared to other body fluids such as blood.!34

Liquid chromatography tandem mass spectrometry eliminates lengthy sample preparations
as amino acids can be analysed without the need for derivatisation.11 The advantages of
using this technique include high sensitivity, specificity, and throughput.’> This technique is
based on the structural characteristics of analytes obtained by fragmentation through
collision, and it is a powerful technique for quantitation.!®
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This study aimed to assess the relationship between urinary amino acid concentration ratios
and renal function decline as predicted by the eGFR in diabetic and non-diabetic patients
using liquid chromatography tandem mass spectrometry.

Methods

Ethical considerations

Ethical clearance was obtained from the Human and Animal Rights Chris Hani
Baragwanath Academic Hospital Medical Advisory Committee and the University of the
Witwatersrand Human Research Ethics Committee (reference number: M180798). A brief
explanation of the study was communicated to the participants, who then provided written
informed consent to allow the collection and analysis of their urine samples and medical
records. Medical practice and ethical guidelines were followed to ensure the confidentiality
of the results obtained in this study. Samples were coded to preserve anonymity.

Study design and sampling

A total of 187 spot urine specimens were collected from study participants between
February 2019 and April 2019 at the Chris Hani Baragwanath Academic Hospital located in
Soweto, Johannesburg, South Africa. This is the biggest hospital in Africa and serves a large
community from urban to rural areas; it sees hundreds to thousands of patients annually.
Data on ethnicity, age, eGFR, glycated haemoglobin (HbAlc), SCr, urinary creatinine,
albumin, A/C and gender were obtained from participants” medical records.

Samples from 36 participants were excluded from the analysis because of missing data (33
medical records without eGFR data and 3 without HbAlc data). All participants with
complete medical data (n = 151) were of African descent, including women (n = 104) and
men (n = 47) between the ages of 18 years and 90 years.

Urine samples were divided into two groups based on HbAlc: people with diabetes (n = 129;
HbAlc > 6.4%) and people without diabetes (n = 22; HbAlc < 6.4%). These groups were
further divided into sub-groups based on the stage of CKD as follows: 63 people with
diabetes and 9 without diabetes were categorised as being in stage 1 (= 90 mL/min per 1.73
m?), 43 people with diabetes and 10 without diabetes were classified as being in stage 2 (60
mL/min — 89 mL/min per 1.73 m?), 15 people with diabetes and 3 without diabetes were
classified as being in stage 3 (30 mL/min — 59 mL/min per 1.73 m?), 7 people with diabetes
were classified as being in stage 4 (15 mL/min — 29 mL/min per 1.73 m?), and 1 participant
was categorised as being in stage 5 (< 15 mL/min per 1.73 m?).

The amino acids arginine, citrulline, isoleucine, ornithine, phenylalanine, and tyrosine were
quantitatively analysed in each sample. Using the modification of diet in renal disease
equation, the eGFR was calculated to assess the degree of kidney function. Urine samples
were collected into 20 mL sterile polypropylene screw-top containers and placed on wet ice
in polystyrene containers before transportation to the National Institute of Occupational
Health biobank for long-term storage at -20 °C. Before analysis, the samples were
transported to the University of the Witwatersrand School of Chemistry mass spectrometry
laboratory, where they were briefly stored at —20 °C for a few days before analysis.

Sample and data analysis

Chemicals and materials

All amino acids (purity > 98.0%), as well as the formic acid (purity > 98.0%), Sigmatrix Urine
Diluent (purity > 98.0%) and HPLC-grade acetonitrile (= 99.9%), were obtained from Sigma-
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Aldrich (Johannesburg, South Africa). Deionised water, which was used as a solvent for
dilution of analytes, was purified using a Direct-Q® 3 UV Millipore system (Molsheim,
France).

A stock solution of each amino acid (100 mg/L) was prepared by weighing 10 mg of the
amino acid which was then dissolved to a final volume with Millipore H2O in a 100 mL
volumetric flask. From the stock solution, 10 calibration points (0.01 mg/L, 0.05 mg/L, 0.10
mg/L, 0.30 mg/L, 0.50 mg/L, 1.00 mg/L, 2.00 mg/L, 3.00 mg/L, 4.00 mg/L, and 5.00 mg/L)
were prepared by diluting appropriate volumes of stock solution in a urine diluent-H-O (1:5
ratio) mixture. The urine diluent was used as a blank matrix to mimic human urine.
Quantitative analysis

Frozen urine samples were thawed for 30 min, then 1 mL of the urine was transferred into a
2 mL centrifuge tube and diluted with 1 mL of Millipore H20, and centrifuged at 3000 rpm
for 10 min. Afterwards, 0.2 mL of the supernatant was transferred into a 2 mL ultra-high
performance liquid chromatography (UHPLC) vial and 0.8 mL of Millipore H20 was added
to make up the final volume to 1 mL. Standards and samples were analysed on a YMC-
Triart C18 UHPLC column (1.9 um beads, pore size 120 A, 2 mm ID x 150 mm length)
(Analytical Science Technology Pty Ltd, Cape Town, South Africa). All analyses were
conducted in triplicate with quality control samples (lowest limit of quantitation [LLOQ]1
[0.1 mg/L], LLOQ3 [0.5 mg/L] and upper limit of quantitation [ULOQ] [4 mg/L]), which
were analysed in the same way as the urine samples above and were used to assess the
performance (linearity, accuracy, precision, and percentage recovery) of the method.

The Thermo Scientific™ UltiMate™ 3000 UHPLC system coupled to a Bruker Compact Qqg-
Time-of-Flight high-resolution mass spectrometer (Bruker Daltonics, Bremen, Germany) was
used for the analysis. The samples and standards were placed in an autosampler set at 5 °C.
A two-buffer system was employed, utilising formic acid as the ion-pairing agent; solvent A
consisted of 0.1% formic acid in H2O (volume per volume), and solvent B comprised
0.1%formic acid in acetonitrile (volume per volume). Twenty pL of the sample was injected
into the C18 UHPLC column and eluted using a gradient elution technique, starting from an
H2O:acetonitrile ratio of 95:5% to 5:95% in 10 min; the standards and samples were injected
three times.

Mass spectrometry parameters

The electrospray ionisation source was operated in the positive ionisation mode at a
temperature of 250 °C. The dry gas (N2) flow rate was set at 9.0 L/min, the nebuliser gas (N2)
pressure was set to 1.8 bars, the capillary voltage was 4500 V, the end plate offset was -500
V, and the charging voltage was 2000 V.

In the quadrupole, a multiple reaction monitoring method was applied with a mass range of
50 mass-to-charge ratio (m/z) to 1300 m/z to fragment arginine (175 m/z), citrulline (176
m/z), isoleucine (132 m/z), ornithine (133 m/z), phenylalanine (166 m/z), and tyrosine (182
m/z) at 26.00, 14.00, 22.00, 12.00, 15.00 and 12.00 eV collision energies. The time-of-flight
detector voltage was set at 2242.9 V.

Data analysis

All data processing was done on the Bruker QuantAnalysis software (Bruker Daltonics,
Bremen, Germany) to determine the concentration of amino acids. The dilution factor of 10
was used to determine the actual concentration of amino acids in the urine samples. The
LLOQ was determined for each amino acid and found to be within the range of 0.52 mg/L to
0.58 mg/L for arginine, citrulline, and ornithine and 0.12 mg/L to 0.19 mg/L for isoleucine,
phenylalanine, and tyrosine (Table 1). Statistical data analysis was carried out in Microsoft
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Excel version 2101 (Microsoft Corporation, Redmond, Washington, United States). Mean
and standard deviation values were obtained using descriptive statistics, significant
differences in variables between diabetic and non-diabetic patients were assessed using
analysis of variance, and linear correlations between biochemical and analytical data were
determined using Pearson’s correlation coefficient (R). A p-value 0.05 or less was considered
significant.

Results

All amino acids were well separated on the C18 column and gave different fragment ions
and retention times (arginine, 0.81 min; citrulline, 0.90 min; isoleucine, 2.10 min; ornithine,
0.74 min; phenylalanine, 4.44 min and tyrosine, 2.96 min), indicating good selectivity (Figure
1).

In diabetic patients, the ornithine/arginine and tyrosine/phenylalanine ratios increased as
the eGFR decreased (Table 2). This relationship was confirmed by strong negative
correlations (R =-0.81; p=0.19 and R = -0.96; p = 0.04) between the amino acid concentration
ratios and the eGFR. Conversely, the arginine/citrulline ratio decreased with decreasing
eGFR, and this was supported by a statistically significant positive correlation (R =0.71; p =
0.29). The concentrations of ornithine, isoleucine, tyrosine and phenylalanine decreased with
decreasing renal function and this was confirmed by statistically significant correlations ([R
=0.83; p=0.17], [R = 0.94; p = 0.06], [R = 0.94; p = 0.06] and [R = 1.00; p = 0.004]). The amino
acid concentrations demonstrated statistically significant positive correlations to HbAlc
coefficient (R) and correlated negatively with urinary creatinine and age. There was no
significant correlation between the amino acid concentrations and A/C ratio, albumin, or
SCr. Haemoglobin Alc correlated strongly with concentrations of citrulline (R = 0.76),
isoleucine (R = -0.83) and ornithine (R = -0.86), while age correlated negatively with the
concentrations of isoleucine (R = -0.98), ornithine (R = -0.95), phenylalanine (R = -0.83) and
tyrosine (R = -0.80). The trends observed between amino acid concentrations and ratios with
clinical parameters for non-diabetic patients are
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FIGURE 1: Chromatogram showing {a) the UHPLC baseline separation of arginine, citrulline, isoleucine, ornithine, phenylalanine and tyrosine; and (b) the mass spectrum
with retention times and collision energy required to fragment each amino acid to give the fragment ions (quant masses). Data analysed between November 2019 and
January 2021, Johannesburg, South Africa.
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TABLE 1: Analytical method performance characteristics of three spiked blank matrices with amino acid standards at different concentrations, lohannesburg, South Africa,
November 2019 to January 2021.

Target analyte Linearity R*  Concentration Retention time Lowest limit of Lowest limit of % Recovery + %9 relative standard deviation

range (mg/L) {min) dﬁifgcﬂ‘;n quam;':;f;mn Blank matrix spiked Blank matrix spiked Blank matrix

with (0.1 mgij with (0.5 mgM spiked vgith 4 mg/L)
amino acid amino acid amino acid

Arginine 0.987 0.01-5 0.81 0.17 052 111.16 + 26.68 113.10 £ 16.58 101.02 +9.70
Citrulline 0983 0.01-5 0.50 0.1% 0.58 15599 +13.03 103.66 + B.0B 10787 £12.78
Isoleucine 0.995 0.01-5 2.10 0.05 0.16 108.72 £19.05 110.21 £ 10.75 107.08 + 5.00
Ornithine 0985 0.01-5 0.74 0.18 0.55 11896 +50.56 12442 1809 10B B9 +17.72
Phenylalanine 0.995 0.01-5 444 0.04 012 99.08 £ 8.95 12529+ 280 12092 +1.45
Tyrosine 0.998 0.01-5 2.56 0.06 0.19 9054 =545 130.55 + 2.69 12092 +1.15

Mote: Linezr |Pearsan’s correlation | regrassion was usad to determine 55

within the normal range for HbAlc and eGFR, and hence do not show disease progression
(Table 3). Serum creatinine correlated significantly (p = 0.45) with isoleucine concentration
(R = 0.76) and citrulline/ornithine ratios (R = 0.81, p = 0.40) in non-diabetic patients. The
tyrosine/phenylalanine ratios (R = 0.85), as well as the concentrations of tyrosine (R = 0.76)
and ornithine (R = 0.83), decreased with decreasing eGFR, while the concentrations of
citrulline (R =-0.94) and isoleucine (R =-0.91) increased with decreasing eGFR (Table 3).

The citrulline/ornithine ratios (p = 0.01), as well as the concentrations of citrulline (p < 0.001)
and isoleucine (p = 0.04), were significantly higher in the diabetic group compared to the
non-diabetic group in stage 1 of CKD (Table 4). Similarly, the ornithine/arginine ratios (p =
0.02) and citrulline concentrations (p = 0.03) were significantly higher in the diabetic group
compared to the non-diabetic group in stage 3. In stage 4, the tyrosine/phenylalanine ratios
were significantly (p = 0.03) higher, while phenylalanine concentrations were lower in the
diabetic group compared to the non-diabetic group.

Discussion

The quantitative method developed for the analysis of amino acids in urine was validated
and found to be reliable, selective, sensitive, and accurate. We could relate the alterations in
urinary amino acid ratios at different stages of CKD to the eGFR and some clinical
characteristics associated with the disease. The analysis showed that the amino acid ratios of
ornithine/arginine, tyrosine/phenylalanine and arginine/citrulline are affected by the
progression of diabetes and can be correlated to renal function. There were significant
changes in amino acid ratios between the diabetic and non-diabetic patients in stage 1 of
CKD, and this could be utilised to predict the onset of CKD.

The accuracy of the analytical method used to obtain the LLOQ was determined to be within
the acceptable range for all the amino acids analysed. The linearity (R?) ranged from 0.983 to
0.999, the percentage recovery ranged from 90% to 130%, and the precision (%RSD) was less
than 30%, except for ornithine. The method was also selective and sensitive as shown by the
lowest limit of detection and LLOQ), and all the analytes of interest were well separated in
the liquid chromatography and accurately identified by the mass spectrometer. Hence, the
method is reliable and can be used to quantify the amino acids of interest within the
analytical range of 0.01 mg/L to 5 mg/L. In diabetics patients, the concentrations of citrulline,
isoleucine, phenylalanine and ornithine correlated positively with HbA1lc
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TABLE 2: Correlation between the amino acid concentrations and ratios and clinical data of patients with diabetes, Johannesburg, South Africa, November 2019 to
January 2021,

N e womgnay A we G
R r R p R i R r R P R r R p
Arg 0.60 0.40 016 0.84 —0.68 032 —0.88 012 —0.07 093 —0.67 0.33 0.56 0.45
Cit 0.76 0.24 0.34 0.66 -0.28 072 =054 0.06 016 0.84 =065 0.35 0.33 0.67
lle 0.83 0.17 -053 0.47 -0.39 0.61 —0.84 016 —0.69 031 —0.98 0.02 094 0.06
arn 0.86 0.14 -0.28 072 -0.44 0.56 -0.95 0,05 -0.45 054 —0.95 0.05 0.83 0.17
Phe 054 0.46 -0.75 0.25 -0.53 0.47 —0.55 0.45 (.88 012 —0.83 0.17 100 0.004
Tyr 053 0.47 -0.48 052 -0.74 0.26 —0.68 032 -0.67 033 =080 0.20 054 0.06
Cit/Qrn 048 0.54 075 0.25 0.06 0.54 -0.61 0.39 0.66 0.34 0.83 —0.25 0.75
Arg/Cit -0.04 0.96 -0.90 0.10 -0.37 0.63 0.1z 0.88 —0.52 0.08 0.68 0.71 0.2%
Orn/arg 012 0.88 0.48 0.52 0.88 012 0.32 0.68 0.66 0.34 051 —0.81 015
Tyr/Phe —0.40 0.60 0.67 0.33 0.69 0.31 0.45 0.51 0.83 0.17 0.73 0.27 —0.56 0.04
Mote: Pearson's correlation was used to calculate R and p-valuss. p > 0.05, not significant; p £ 0.05, significant.
AfC, albumin creatinin argining; Cit, citrulling; =GFR, estimatad glomerular filtration rate; HbAlc, haemoglobin Alc; llg, isoleucineg; Orn, arnithine; Phe, phenylzlznine; R, correlation

coefficient; SCr, serum creatinine; Tyr, tyrosine; UCr, urinary creatinine.

TABLE 3: Correlation between the amino acid concentrations and ratios and clinical data of non-diabetic patients, Johannesburg, South Africa, November 2012 to January
2021.

Target analyte HbAlc (%) AJC (mg/mmaol) ALB (mg/L) UCr (mmaol,/L) SCr{mg/fdL) Age (years) EGFRIEI?SL{;T;WEF
R r R r R r R P R r R P R r
Arg 0.69 0.52 -0.31 0.80 —0.09 084 0.00 1.00 —0.16 0.80 048 0.68 —0.13 082
Cit 0.56 062 -0.87 0.33 0.9 .19 -0.98 0.13 1.00 0.04 0.76 0.45 09 022
le 0.98 .14 —0.97 015 —0.90 0.29 —0.85 0.35 0.76 0.45 1.00 0.03 —0.91 0.27
Orn -0.34 0.78 0.71 0.45 0.85 0.35 0.39 0.30 -0.95 0.20 —0.57 0.61 0.83 0.38
Phe —0.22 0.86 —0.23 0.86 —0.44 0.71 —0.52 0.66 0.64 0.56 0.04 097 —0.40 0.74
Tyr -0.22 0.86 0.62 057 0.78 043 0.83 0.37 -0.91 0.27 -0.47 0.69 0.76 046
Cit/Orn 0.02 0.98 —0.45 0.70 —0.64 0.56 -0.71 0.50 0.81 0.40 0.28 0.82 —0.61 058
Arg/Cit 0.06 0.96 0.38 0.75 0.57 061 064 0.55 -0.75 046 -0.20 0.87 0.54 064
OrnfArg —0.20 0.87 —0.25 0.84 —0.46 0.70 —0.53 0.54 0.66 0.54 0.08 086 -0.42 0.73
Tyr/Phe —0.38 0.76 0.74 047 0.87 0.33 091 0.27 —0.96 0.17 —0.61 0.5% 0.85 0.35

Mote: Pearson’s correlation was used to calculate R and p-values. p > 0.05, not significant; p £ 0.05, significant.

trulling; eGFR, estimated glomerular filtratio
r, urinary creatinine.

ate; HoAlc, haemoglobin Alg; lle, isoleucing; Orm, ornithing; Phe, phenylalaning; B, corralation

umin creatinine ratio; Arg,
+ SCr, serum creatinine; Tyr,

([R=0.76; p=0.24)], [R =0.83; p=0.17], [R = 0.54; p = 0.46], [R = 0.86; p = 0.41]) and eGFR ([R
= 0.33; p = 0.67], [R = 094, p = 0.06], [R = 1.00; p = 0.004], [R = 0.83; p = 0.17]). The
concentrations of these amino acids decreased with eGFR decline, meaning that the disease
and renal function may alter these amino acids. In non-diabetic patients, arginine, citrulline
and isoleucine correlated positively with HbAlc, meaning that these amino acid
concentrations fluctuate with glucose levels. Even though citrulline showed a positive
correlation with HbAlc in both the diabetic and non-diabetic groups, its concentrations
levels were significantly (p < 0.001) higher in the diabetic group.

A study conducted in France in 2014 reported that citrulline concentration and
citrulline/ornithine ratio increased while the tyrosine/phenylalanine ratio decreased (in
plasma samples) in the late stages of CKD.!” Similarly, in this study, we observed (in urine
samples) an increase in citrulline concentrations and citrulline/ornithine ratios in stage 1;
however, tyrosine/phenylalanine ratios increased from stage 1 to stage 4 of CKD with
decreasing concentrations of phenylalanine. Amino acid concentrations have been reported
to decrease in diabetic groups, and this decrease is attributed to the conversion of these
amino acids to glucose.’® Our findings show that phenylalanine follows this trend, as its
concentrations decreased from stage 1 to stage 4 of CKD. The observed trend can be
explained by looking at the metabolic pathways of the studied amino acids that occur in the
liver and kidneys. Arginine is converted to ornithine, ornithine to citrulline and citrulline to
arginine, while phenylalanine is converted to tyrosine.'” Thus, the declining kidney function
may affect the proper conversion of citrulline to arginine, as shown also by the significant
(p= 0.05) decrease in the ratio of arginine/citrulline in stage 3 of CKD. Citrulline is a non-
essential amino acid that is mainly synthesised in the gut and then taken up by the kidneys,
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wherein it Is converted to arginine.!” The increased concentration of citrulline in diabetic
patients could be attributed to the inability of the kidneys to carry out this function.

The kidneys convert 50% of the total body phenylalanine to tyrosine through hydroxylation
by the action of the phenylalanine-4-hydroxylase enzyme.”” At stage 4 of CKD, the
tyrosine/phenylalanine ratios were significantly different between the diabetic and non-
diabetic groups, and the phenylalanine concentrations were lower in the diabetic group. The
metabolism of phenylalanine has two outcomes — the production of tyrosine, and the
complete oxidation of phenylalanine to carbon dioxide and water to drive the production of
glucose.® We observed an increase in tyrosine/phenylalanine ratios with eGFR decline,
which suggests an increased production of tyrosine in the kidneys as renal function
decreases and could explain the low phenylalanine concentrations in stage 4 of CKD.
Limitations

The exact cut-off values for amino acid concentrations and ratios, which indicate the onset of
diabetic nephropathy or CKD, could not be determined. Also, the sample size for non-
diabetic patients was below 30 (n = 22), which is the acceptable size for accurate statistical
evaluation, and this may have influenced the results of comparisons between the two
groups of patients. A more detailed statistical evaluation would have to be conducted to

indicate early CKD using amino acid ratio.
Conclusion

The amino acid concentrations and ratios in human urine samples could provide valuable
information about the onset and progression of diabetic nephropathy as there appeared to
be significant correlations between the amino acid concentrations and declining eGFR.
Amino acid ratios (ornithine/arginine and tyrosine/phenylalanine) are affected by decreased
renal function, and citrulline/ornithine ratios may predict early CKD.
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Chapter 3 Chemicals and materials

This chapter presents the reagents, conditions and materials used in the study.
Detailed information about the method development and validation criteria are

presented in chapter 4 and in the published article.

3.1 Chemicals and materials

All chemicals were purchased from Sigma-Aldrich (Johannesburg, South Africa). The
following amino acid standards (purity = 98.0%) were used in the preparation of
calibration curves for arginine (Arg), citrulline (Cit), isoleucine (lle), ornithine (Orn),
phenylalanine (Phe), and tyrosine (Tyr). Formic acid was used as an ion-pairing
agent and also in the preparation of the mass spectrometry calibrant solution (purity
= 98.0%). Sigmatrix Urine Diluent [blank urine (BU)] (purity = 98.0%) was used in the
analysis of the matrix effects and thereafter used for the preparation of quality control
samples and preparation of calibration standards. HPLC-grade solvents, (purity =
99.9%) namely acetonitrile, methanol, and isopropanol were used as an eluent
solvent, a wash solvent, and as a calibration solution solvent respectively. Deionised
water, which was used as a solvent for dilution and elution of analytes and as a
calibration solution, was purified using a Direct-Q® 3 UV Millipore system (Molsheim,

France).

3.2 Ethical considerations

This research used human subjects therefore it needed ethical clearance. This was
obtained from the Human and Animal Rights Chris Hani Baragwanath Academic
Hospital Medical Advisory Committee and the University of the Witwatersrand
Human Research Ethics Committee (reference number: M180798). Participants
were informed about the research study, what it entails as well as its significance in
the health care system in general. Those who were interested in participating gave a
written consent to allow for the use of their urine samples and medical records.
Sample codes were to preserve the anonymity and confidentiality of the results
obtained in this study.
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3.3 Data analysis

All data processing was done on the Bruker QuantAnalysis software (Bruker
Daltonics, Bremen, Germany) to determine the concentration of amino acids. The
dilution factor of 10 was used to determine the actual concentration of amino acids in

the urine samples.

Statistical data interpretation was carried out in Microsoft Excel version 2101
(Microsoft Corporation, Redmond, Washington, United States). Mean and standard
deviation values were obtained using descriptive statistics, significant differences in
variables between diabetic and non-diabetic patients were assessed using analysis
of variance, and linear correlations between biochemical and analytical data were
determined using Pearson's correlation coefficient (R). A p-value 0.05 or less was

considered significant.

3.4 Calibration and QC standards preparation

3.4.1 Stock solutions

The following stock solutions were prepared, Stock solution 1 for calibration curves:
100 mg/L of each amino acid. Preparation of Stock solution 1. 10 mg of each
amino acid was weighed on a balance (KERN abs), and then dissolved in a final
volume of 100 mL Millig H20, in a 100 mL volumetric flask. Then a 10 mg/L and 1.00
mg/L stock solution were prepared.

Stock solution 2 for quality control standards (QC’s): containing a mixture of 6
amino acids, Arginine (Arg), Phenylalanine (Phe), Tyrosine (Tyr), Citrulline (Cit),
Ornithine (Orn), and Isoleucine (lle).

Preparation of Stock solution 2: 10 mg of each amino acid was weighed and
dissolved in 100 mL Millig H20, in a 100 mL volumetric flask to make a 100 mg/L of

stock solution 2. Then a 10 mg/L and 1.00 mg/L stock solution were prepared.
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3.4.2 Calibration standards

The following calibration points [(0.01), (0.05), (0.10), (0.30), (0.50), (0.80), (1.00),
(3.00), (4.00), and (5.00) mg/L] were prepared by spiking the H20 or the blank urine
(BU) matrix with an appropriate amount of the stock solution 1 to make a final
volume of 1.00 mL in UHPLC vials.

3.4.3 QC standards

Quality control standards (QC’s) were prepared using stock solution 2, the
following concentration were prepared to evaluate the behaviour of the method at
lowest limit of quantitation (LLOQ1) [0.10 mg/L], (LLOQ2) [0.30 mg/L], 3x the limit of
guantification (LLOQ3) [0.50 mg/L], (MLOQ) [3.00 mg/L], and upper limit of
guantitation (ULOQ) [4.00 mg/L]. The QCs were further used to test for accuracy,

precision, and reproducibility.

3.5 UHPLC and URHMS conditions

The developed mass spectrometry method was designed such that it is capable of
doing both qualitative and quantitative analysis in a single run. The gquantitative
analysis part of the method was developed by running a 1 mg/L AA standard using a
multiple reaction monitoring (MRM) method through direct infusion into the QTOF-
HRMS. The MRM method parameters are shown in Table 3.1, the collision energy
for each amino acid was varied starting from 6.00 eV and increased until a stable
fragment pattern was observed. The syringe pump (KdScientific), flow rate was set
at 180 uL/hrs. The instrument was run in positive ion mode with a scan range from
50-1300 mass to charge ratio (m/z). To incorporate the qualitative analysis method a
row in the Hyster software acquisition table below (Table 3.1) was added with these
following conditions isolation: mass 50 m/z, isolation width O m/z, acquisition rate 6
spec/sec, collision energy 6 eV. This enables the MRM method to run targeted and

untargeted analysis in a single run.
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Table 3. 1: MRM conditions used to generate fragment ions of each targeted amino acid (parent ion).

Target Isolation Collision fragment ions Mass Isolation Acquisition Acquisition
compound mass (m/z) energy (eV) (m/z) range  width (m/z) rate (spec/s) voltage (V)
(m/z)
Arg 175.0000 26.00 70, 116, 130 50-1300 +1.00 6.00 2200
Cit 176.0000 14.00 70, 113, 159
lle 132.0000 22.00 69 ,86
Orn 133.0000 12.00 70, 116,
Phe 166.0000 15.00 77,91, 120
Tyr 182.0000 12.00 77,91 95, 107,
119, 123, 136,
147, 165
All 50.0000 6.00 + 0.00
compounds




Chapter 4 Method development and validation

4.1 Introduction

This chapter deals with method development and validation criteria followed in the
guantification of target amino acids (arginine, citrulline, isoleucine, ornithine,
phenylalanine, and tyrosine). These amino acids were quantified in the urine
samples, of patients with diabetes, and without diabetes. Their link to diabetic
nephropathy as potential biomarkers was resented in chapter 2 (published article) as

well as the discussion and conclusion.

4.1.1 Method validation

Method development and validation play a key role in ensuring reliable analytical
data, in routine laboratory work as well as clinical and forensic scientific studies.
Unreliable data could lead to incorrect conclusions that can easily be carried out
within a field of research or scientific community resulting in correct decisions about
patient treatment. The quality of the data mainly depends on good analytical
methods and adequate validation of the methods which ensures that the method is fit
for the intended purpose [1]. The choice of method validation criteria to be tested
depends on the analytical method to be used as well as the type of analysis, whether
it is an identification or quantification method [2]. The handling of data is important,
and this requires the use of statistical packages, such as SPSS, Minitab, and the
guidelines (International Conference on Harmonization (ICH)) to be followed are to

be known beforehand to ensure reliability [2].

4.1.2 Method validation parameters

In clinical and forensic studies when evaluating metabolites in biological matrices,
these validation parameters should be determined: linearity, selectivity, precision,
accuracy, recoveries, and the lowest limit of quantification. The analytical steps of
each method being validated should be well understood because each analytical
method has its own validation parameters that need to be determined and have its

own limits (acceptable criteria). Furthermore, decisions on how to carry out the
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validation of the parameters and which statistical test to use has to be made [3].
When working with biological samples and using separation instruments such as
ultra-high-performance liquid chromatography (UHPLC) or gas chromatography
(GC), with a mass spectrometer (MS) as a detector, it is essential to validate the

method to ensure accurate continuous sample analysis [4].

4.1.3 Linearity

Linearity is defined as the ability of a method to show a direct proportionality of the
analyte concentration to signal response in a measurable range. Linearity is tested
between the instrument’s response versus the analyte concentration using R?
(coefficient of determination) which evaluates how the line of best fit drawn through a
set of data points represents the association between dependent and independent

variables. The closer R? is to one (R? = 1), the stronger the linear relationship [5].

4.1.4 Limits of detection and quantitation

The limit of detection (LOD) is the minimum concentration of an analyte that can be
reliably detected under the experimental condition used. The limit of quantification
(LOQ) is the minimum quantifiable concentration of a substance that can be
determined with acceptable accuracy and precision. Both LOD and LOQ are
evaluated by either visualisation, signal-to-noise ratio (s/n), standard deviation of the

response (0), and standard deviation of the slope of linearity (S) [6].

LOD

35/S 1)

LOQ

10 8/S (2)

4.1.5 Accuracy

Accuracy is the closeness of the experimental value to the true value of a
measurement or reference value and is obtained by repeated measurements.
Accuracy plays an important role in revealing whether a method is fit for the intended
purpose and should be assessed in all analytical methods. To test for accuracy,
quality control samples are used, this can be achieved by spiking with known
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concentrations of analyte, it is reported as a percentage and is evaluated within
(same day replicates) and between runs (at least two deferent days). The measured

value should be within 15% of the nominal or reference value [7].

4.1.6 Precision

Precision refers to the repeatability of measurement in an analytical method, it is
used to evaluate calibration curve performance characteristics such as the LLOQ,
MLOQ and ULOQ. it should also be determined on same day (inter-precision) and
also on a different day (intra-precision) [8]. For the LLOQ 20% from the nominal
value is acceptable while other parameters should give 15%. It is measured as the
coefficient of variation CV% [9].

4.1.7 Selectivity

Selectivity is defined as the ability for a method to identify an analyte or a group of
compounds in a mixture or in the presence of interferences, a method with a perfect

selectivity (100%) is deemed specific or has specificity for the analytes of interest [9].

4.1.8 Matrix effects

Matrix effect refers to the interferences that may occur when measuring an analyte
concentration in a biological matrix such as plasma or urine, therefore it's important
to determine this effect when working with biological samples. If a suitable matrix
reference standard is not available, then synthetic matrices can be used. The matrix
is spiked with known concentrations of the analyte usually three times above the
LLOQ and close to the ULOQ. To ensure that the matrix matched blank gives
accurate recoveries, about six samples from donors are needed to carry out this test.

It is a necessity when using mass spectrometric analysis [3].
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4.1.9 Carryover

Carryover is assessed to ensure that there is no enhancement of concentration from
a previous injection, it is determined after a high concentration standard by running a

blank sample, and the accepted value is less or equal to 20% of the LLOQ [10].

4.2 Experimental

4.2.1 Method development

4.2.1.1 UHPLC separation method

A standard mixture with a concentration of 1.00 mg/L of target amino acids (Arg, Cit,
lle, Orn, Phe, and Tyr) in H20 was run through a C18 column on a UHPLC system.
This was used to develop the UHPLC separation method of these amino acids. The
separation was optimised by changing the solvent ratio to yield baseline separation.

The standard mixture was run in a 10-minute UHPLC gradient separation method as
follows. A two-buffer system was employed, utilizing formic acid as the ion-pairing
agent; solvent A consisted of 0.1% formic acid in H20 volume per volume (v/v), and
solvent B comprised 0.1% formic acid in acetonitrile volume per volume (v/v). The
buffers were sonicated for 5 minutes to remove bubbles, then purging of the UHPLC
system was done before analysis. The standard was placed in an autosampler set at
5 °C and 20 pL of the standard was injected into the C18 UHPLC column and eluted
using a gradient elution technique, starting from an H20: acetonitrile ratio of 95:5% to

5:95% in 10 min at a flow rate of 0.4 mL/min.

4.2.1.2 Matrix effects (ME)

To determine matrix effects, the above procedure was repeated: A standard mixture
with a concentration of 1.00 mg/L of target amino acids (Arg, Cit, lle, Orn, Phe, and
Tyr) in blank urine (BU) was ran through a C18 column on a UHPLC system. Matrix
effects were evaluated to determine the best-suited solvent (Blank Urine (BU) vs
H20) for the calibration curve to be used in the quantification of target amino acids.
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This was done by comparing the two chromatograms [(1.00 mg/L H20) and (1.00
mg/L BU)].

The matrix effects were further investigated by determining the matrix effect factor
(MEF). This was done by spiking H20, blank urine (BU) matrix and urine sample
(U19) with (0.10, 0.50, and 4.00 mg/L) AA standard mixture respectively. This was
done to see whether the matrix effect between H20 and urine was large enough and
also if blank urine can be used to contract calibration curves that would yield

accurate data, when quantifying the target amino acids in urine.

4.2.1.3 Sample preparation methods

Method development was conducted to determine the sample preparation technique
that will yield accurate results (determined by % recoveries). This is done to ensure
that analyte losses during the sample preparation (clean-up) are accounted for. Two
methods (method A and method B) were compared after noting that spiked urine
samples gave very low % recoveries when using method A. In method A 6%
sulfosalicylic acid (6% SSA) was used to clean up (protein precipitation) the urine
samples before analysis. This method was adapted from literature [11] and modified
to suite laboratory settings. Method A was compared to method B which does not
involve the precipitation of proteins with 6% SSA. Method B gave better recoveries
for all the amino acids and was then validated to ensure that it was fit for its purpose
(accurate quantification of target amino acids). Method validation guidelines were
adopted from the literature (European Medicines Agency) [12] and modified to suit

the laboratory settings.

4.2.1.4 Method A with 6% sulfosalicylic acid

In method A, a precipitating agent, 6% sulfosalicylic acid was used to precipitate
proteins and other macromolecules. Two QCs (1 mL) (blank urine and urine (U19))
were spiked with (1 mL) of 1.00 mg/L AA standard mixture in a 2 mL Eppendorf
respectively. The mixture was then centrifuged at 3000 rpm, for 10 minutes, then 1
mL of the supernatant was mixed with 1 mL of 6% sulfosalicylic acid in a 2 mL

Eppendorf tube. The mixture was allowed to stand for 5 minutes and then
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centrifuged at 3000 rpm for 30 minutes. Thereafter 200 pL of the supernatant was
transferred into a 2 mL HPLC analysis vials and ran on the UHPLC-HRMS.

4.2.1.5 Method B without 6% sulfosalicylic acid

In this method, the precipitation agent (6% sulfosalicylic acid) was not the added.
Two QCs (1.00 mL) (blank urine and urine (U19)) were spiked with (1.00 mL) of 1.00
mg/L AA standard mixture in a 2.00 mL Eppendorf respectively. The mixture was
then centrifuged at 3000 rpm, for 10 minutes. Thereafter 200 uL of the supernatant
was transferred into a 2.00 mL HPLC analysis vials and ran on the UHPLC-HRMS.

The recovery of 1.00 mg/L for BU QC’s and U19 QC’s showed that the use of the
precipitating agent (6% sulfosalicylic acid) resulted in peak suppression which led to
poor recoveries for all the target amino acids. Better recoveries were obtained with

method B when the acid is omitted.

4.2.2 Method validation

In this section, method B was evaluated for its analytical performance
characteristics, and also assessed for its validity. Method validation parameters such
as calibration performance, accuracy, precision, selectivity matrix effects, carry over,
repeatability, reproducibility, uncertainty of measurement, were assessed. The
calibration performance was assessed by linearity (R?), LLOD, LLOQ, ULOQ, the
acceptable criteria for calibration was R? = 0.995.

The acceptable criteria for accuracy and precision are as follows: a recovery of 80-
120% and % relative standard deviation (%RSD) < 10%; a matrix effect and carry
over of < 20% for the lowest limit of quantification, and a 15% for the mid-point or
upper limit of quantification. Method validation parameters were investigated on
different days (inter accuracy/precision), and also in between runs (intra

accuracy/precision).
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4.2.2.1 Calibration performance

Calibration performance was evaluated in this calibration range (0.01 to 5.00 mg/L)
using the following calibration points [(0.01), (0.05), (0.10), (0.30), (0.50), (0.80),
(1.00), (3.00), (4.00), and (5.00) mg/L] in H20:blank urine matrix (1:5).

4.2.2.2 Linearity (R2)

Linearity was calculated using linear regression analysis on excel.
Correlation coefficient (R?).

2xi—xm) Vi—ym)]
RZ — 3
VI —xm) 2 (Vi—ym)?] 3

Where x; is the individual data points in the independent variable (concentration).
Where x,, is the average of data points in the independent variable (concentration).
Where y; is the individual data points in the dependent variable (area).

Where y,, is the average data points in the independent variable (area).

4.2.2.3 LLOD and LLOQ

Lowest limit of detection (LLOD).

LLOD = b + 36, (4)
Where b is the y intercept.

Where 3§, is three times the standard deviation and m is slope.

Lowest limit of quantification (LLOQ).

LLOQ = b + 108, ©)
Where b is the y intercept.

Where 108, is ten times the standard deviation and m is slope.
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4.2.2.4 Accuracy

Analyte concentration recoveries were used to determine accuracy, three QCs were
used, a known concentration of the AA mix standard was spiked LLOQ1 [0.10 mg/L],
LLOQ3 [0.50 mg/L] and ULOQ [4.00 mg/L] into H20/blank urine matrix, and on a
urine sample. The spiked samples were then run through sample preparation using
method B, and the recoveries were determined, the samples were prepared in
triplicate and each injected three times to give nine replicates (n=9), the experiment

was repeated on three different days.

4.2.2.5 Recoveries

Recoveries are concentrations recovered after running a QC sample (known
concentration spike) through an extraction or sample preparation method. They were
determined by subtracting the final concentration from a blank or un-spiked sample

and dividing by the spiked concentration (known concentration) or true value.

final concentration—intial concentration

Recovery - spiked concentration (6)
An acceptable percentage recovery range between 80-120%.
%Recovery _ final concentration—intial concentration +100% (7)

spiked concentration

4.2.2.6 Precision

Analyte concentration recoveries were used to determine precision, three QCs were
used, a known concentration of the AA mix standard was spiked LLOQ1 [0.10 mg/L],
LLOQS3 [0.50 mg/L] and ULOQ [4.00 mg/L] into H20, H20/blank urine matrix, and on
a urine sample. The spiked samples were then run through sample preparation using
method 3, and the recoveries were determined, the samples were prepared in
triplicate and each injected three times to give nine replicates (n=9), the experiment

was repeated on two different days.
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4.2.2.7 Relative standard deviation

Relative standard deviation was used to calculate precision, a percentage relative
standard deviation (%RSD) was calculated to see how close each replicate
experiment is to each other and also to check instrument performance with replicate
injections. A good %RSD is below 10% (< 10%), the acceptable range may vary
from (< 10% to < 30%).

%RSD =

Rl >

* 100% (8)
Where § is relative standard deviation and x is the mean.

After the method was validated an analysis of 187 samples was carried out as

shown below (Figure 4.1).

Experimental

‘ 1
=5 " . = jss — | E—

| 4 % 9 .......ai]

= 1:1 dilution with 1z

Thawed

Storage (-20 °C) sample for 20 dH,0 Centrifuge at 3000 xg for ¥
i 10 min
Dilute
- _ supernatant
/ 7 1:5with
ase > 2 deO
Data MS scan 50-1300 m/z, Multiply «+ YMCA-Trairt C18 (1,9 uM 150 x 0.2
processing reaction monitoring (MRM) mm) column at 25 °C

Figure 4. 1. Schematic diagram of the workflow for calibration, QC’s standards and
urine samples analysed on the UHPLC-ESI-QTOF-HRMS (method B).
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4.3 Results and discussion

4.3.1 Method development

The analysis of a 1.00 mg/L AA standard mixture in H20 on a C18 column using the
solvent gradient from 5% ACN, to 95% ACN did not separate Phe and Tyr, lle was
well separated from other amino acids, while Arg, Cit and Orn were not retained and
eluted before 1 minute (Figure 4.2 A). The graphical representation of the separation
conditions is shown in Figure 4.2 B, as single-step gradient elution, constant solvent
flow and column back pressure. Several gradient elution methods were investigated,
and the chromatographic conditions that improved separation are shown in Figure
4.3. There was a baseline separation between lle, Phe, and Tyr amino acids, while
Arg, Cit, and Orn could not be well separated on the C18 column. Arg, Cit, and Orn
are chemically similar, and this poses a challenge for C18 columns as they often
struggle to separate similar molecules [13]. The poor retention observed for Arg, Cit
and Orn could be due to starting the gradient method with a highly polar mobile
phase ratio (5% ACN: 95%H20). These findings are similar to the ones reported by
(Ridwan et al. 2018) where a polar mobile phase resulted in rapid elution (before 1
min) of Arg and Cit [14].
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Figure 4. 2: The separation of target amino acids (1.00 mg/L standard in H20) on a
C18 column. Chromatogram A (1=0rn, 2=Arg, 3=Cit, 4=lle, 5=Tyr, 6=Phe),
Chromatogram B [ — blue line UHPLC pressure (bars) — red line multistep gradient
elution 5% (0-2.5 min), 5-95% (2.5-8 min), 95% (8-9 min), 95-5% (9-9.5 min) 5%
(9.5-10 min) of solvent B, — green line flow rate (0.40 mL/min)].
Chromatogram - 1std1 1 std2 _BAG_01_41251.d: LC Pump 1 Pressure n
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Figure 4. 3: The separation of target amino acids (1.00 mg/L standard in H20) on a
C18 column. Chromatogram (1=0rn, 2=Arg, 3=Cit, 4=lle, 5=Tyr, 6=Phe), UHPLC
conditions, [ — blue line UHPLC pressure (bars) — red line multistep gradient elution
of 5% (0-2 min), 5-40% (2-6 min), 40-95% (6-8 min), 95% (8-9 min), 95-5% (9-9.5

min), 5% (9.5-10 min) of solvent B — green line flow rate (0.40 mL/min)].
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4.3.1.1 Matrix effects

The developed separation method above (Figure 4.3) was further tested for matrix
effect. The figure below (Figure 4.4), shows a visually assessment of any matrix
effects on the retention and on the sensitivity of each of the analytes of interest. The
non-matrix adjusted H20 5.00 mg/L QC standard showed good separation and high
intensities (intens. X10°), whereas the matrix adjusted BU 5.00 mg/L standard also
showed good separation, but the intensities (intens. X10°) of all compounds
decreased. The causes of matrix effects are not fully elucidated but can be linked to
coeluting peaks from solvent impurities or from competing analytes. They are
believed to reduce the ionization efficiency of target compounds, and this is common

in electrospray ionization [15].

Chromatogram - 5 std1 5 std2 _BB2_01_41263.d

Intens. § SstdlGstd? BB2 01_41263.d

x105 s
0.3

0.6 5 |
0.4+ |

1
0.2 12 f 4 I\

nnl PN [N
*109 5 std1 std2 BU_BB2_01_42267.d

64 [

R H &

Figure 4. 4. Chromatogram A top, retention times and intensities of a 5.00 mg/L
standard mixture in H20 and chromatogram B bottom, retention times and intensities

of 5.00 mg/L standard mixture in blank urine (BU) matrix.

The average peak areas presented in the appendix Sd Table 7.1 -7.16, for each
amino acid at different concentrations were used to calculate the matrix effect factor
(MEF) shown in Table 4.1 below. The matrix effects in BU, when compared to H20,
show a peak suppression in all the analytes at three spiked concentrations. Similarly,
when U19 (from patient 19) is compared to H20 all the analytes were suppressed.
This showed that matrix effects are playing a huge role in the sensitivity of all the
analytes. When comparing BU and U19, surprisingly Arg, Cit, and Orn showed peak
enhancement. This could be due to the fact that these analytes are not baseline
separated in the C18 column and contribute some similar ions to each other’s peak

areas. The similar ions that were generated by the fragmentation of each analyte are
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(70, and 116 m/z) (Table 3.1 methodology section). Coeluting matrix can result in
two phenomena either peak suppression or peak enhancement, this is common in
electrospray ionisation (ESI) and can be corrected by the use of internal standard

[16].
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Table 4. 1:

Target

analyte

Matrix effects determined by calculating the matrix effect factor (MEF) using average peak areas (mean).

MEF (H20-BU/H20) x 100%

MEF (H20-U19/H-0) x 100%

MEF (BU-U19/BU) x 100%

0.10 mg/L 0.50mg/L 4.00mg/L 0.10mg/L 0.50mg/L 4.00mg/L 0.10mg/L 0.50mg/L 4.00 mg/L
Arg 96.17 96.28 96.04 92.74 94.48 92.63 -89.52 -48.51 -86.27
Cit 99.29 99.17 98.58 98.06 97.89 95.44 -172.32 -153.85 -220.24
lle 76.80 55.25 31.53 73.29 49.61 38.10 -15.15 -12.59 9.60
Orn 93.31 95.15 95.96 77.82 92.01 92.25 -231.29 -64.62 -91.98
Phe 59.09 58.01 42.48 85.67 62.27 49.07 64.98 10.16 11.46
Tyr 70.74 68.20 59.33 85.56 63.56 60.37 50.65 -14.57 2.55
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The results from Table 4.1, show that there are considerable matrix effects in the
urine and blank urine matrix (BU) than in water (H20), hence calibration curves will
have to be matrix adjusted to ensure accurate data when quantifying analytes. The
samples to be used in the calibrations and quality control were prepared in BU matrix
to account for matrix effects that could alter the accuracy of the quantified
concentrations from real urine samples. The acceptable range for matrix effects is
20% for spiked concentration near the lowest limit of quantification (LLOQ) and 15%
for concentration in the mid-range of the calibration curve or in the upper limit of
guantification (ULOQ) [12]. The value greater than zero indicates peak suppression
and a value below zero shows peak enhancement while closer to zero means no
matrix effect [15]. In this case, no matrix effect would be an MEF value below [(£20%
of 0.10 mg/L) and (£15% of 0.50 and 4.00 mg/L)]. Only lle had an acceptable matrix
effect at all spiked concentrations (0.10 mg/L to 4.00 mg/L). Phe and Tyr showed
acceptable matrix effects at (0.50 mg/L and 4.00 mg/L spiked concentration).

4.3.1.2 Sample preparation method optimization

The evaluation of sample preparation methods performances using method A and
method B, is shown in Figure 4.5 below. In method A, 6% sulfosalicylic acid was
added to precipitate proteins, this resulted in lower recoveries when compared to
method B where the addition of the acid was omitted. The range considered for
acceptable recoveries was from (80% to 120%) of the spiked concentration (1.00
mg/L). Low recoveries [below 80% (0.80 mg/L) of the spiked concentration (1.00
mg/L)] were obtained for all the amino acids (Arg, Cit, lle, Orn, Phe, and Tyr). All
amino acids showed significant improvements [recoveries within (80% to 120%) of
(2.00 mg/L)] when the acid was not added in both matrices (BU and U33 (from
patient 33)).
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Figure 4. 5. Compares recovery of target amino acid in BU and U (urine sample U33)

spiked with 1.00 mg/L concentrations using method A and method B.

4.3.2 Method validation

Method validation was carried out as shown in the upcoming sections. The accuracy

and precision of the method were determined on the intra-day and on inter-day.

4.3.2.1 Intra-day (same day) accuracy (% recovery) and precision (%0RSD)

A 10-point calibration curve of each amino acid was used to evaluate linearity (R?),
the lowest limit of detection (LLOD), and the lowest limit of quantification (LLOQ) as
shown in Table 4.2 and Table 4.5. Calibration curves and regression analysis for day
1 (Sd Table 17-22) and day 2 (Sd Table 23-28) is given in the appendix chapter 7.

The linearity of the target amino acids ranged from 0.960 to 0.999, on day 1 of
method validation test as shown in Table 4.2. The analytical concentration range
was from 0.01 to 5.00 mg/L. The linearity for Isoleucine (lle), phenylalanine (Phe),
and Tyrosine was acceptable whereas arginine (Arg), citrulline (Cit), and ornithine
(Orn) were below the cut-off value (0.995) recommended by the European Medicines

Agency [12]. A low R? value may result in an inaccurate determination of the

63



concentration of these amino acids in real urine samples leading to incorrect

conclusions.

Table 4. 2: Analytical method characteristics for the quantification of Arg, Cit, lle,

Orn, Phe, and Phe on (intra-day) of method validation.

Target Linearity = Concentration Retention LLOD LLOQ

analyte (R? range (mg/L) time (min) (mg/L) (mg/L)

Arg 0.992 0.01-5.00 0.81 0.19 0.57
Cit 0.960 0.01-5.00 0.90 0.40 1.29
lle 0.999 0.01-5.00 2.11 0.05 0.16
Orn 0.986 0.01-5.00 0.74 0.25 0.75
Phe 0.999 0.01-5.00 4.44 0.03 0.12
Tyr 0.999 0.01-5.00 2.96 0.06 0.19

Intra-day accuracy and precision were determined by %Recovery and %RSD
respectively as shown in Tables 4.3 and Table 4.4. Recoveries for 0.1, 0.3, 0.5, 3.0,
and 4.0 mg/L spiked concentrations range from 52% to 169%, 113% to 131%, 111%
to 136%, 113% to 125% and 109% to 125% respectively for intra-day of method

validation.

64




Table 4. 3: Recoveries of QC samples for BU spiked with 0.10, 0.30, 0.50, 3.00 and 4.00 mg/L of amino acid concentrations
respectively on intra-day method validation n=9.

0,10 mg/L 0,30 mg/L 0,50 mg/L 3.00 mg/L 4.00 mg/L

Analyte %Recovery %RSD %Recovery %RSD %Recovery %RSD %Recovery %RSD %Recovery %RSD
Arg 138.91 39.05 |113.71 30.91 | 117.95 26.28 | 113.44 17.40 | 109.74 14.18
Cit 169.91 26.86 | 131.07 15.88 136.42 15.06 | 121.31 15.12 125.15 16.46
lle 52.19 105.52 | 115.87 15,55 |127.91 16.69 | 125.30 3.61 122.22 1.78
Orn 109.76 35.35 | 100.46 24.30 111.84 18.07 131.13 15.80 120.13 17.96
Phe 99.08 8.95 120.35 2.68 125.29 2.80 121.86 1.47 120.92 1.45
Tyr 90.54 6.45 123.90 254  130.53 2.69 | 121.78 0.90 | 120.92 1.15
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Table 4. 4. Recoveries of QC samples for U19 spiked with 0.10, 0.30, 0.50, 3.00 and 4.00 mg/L of amino acid concentrations

respectively on intra-day method validation n=9.

Spiked U19 0,10 mg/L 0,30 mg/L 0,50 mg/L 3.00 mg/L 4.00 mg/L

Analyte %Recovery %RSD %Recovery %RSD %Recovery %RSD  %Recovery %RSD  %Recovery %RSD
Arg 1.47 15.76 14.02 101.13 10.24 97.99 11.40 102.30 8.84 94.37 5.90
Cit 0.87 88.58 19.66 90.82 16.45 112.06 7.39 91.00 10.32 88.08 13.21
lle 0.14 66.54 16.45 93.41 16.55 97.60 10.90 98.25 9.76 101.96 8.21
Orn 0.70 66.68 25.75 97.21 9.17 96.24 6.73 85.16 19.40 98.06 11.88
Phe 0.31 113.73 6.94 113.20 5.82 99.26 7.58 110.63 6.52 111.86 5.16
Tyr 0.38 65.48 6.26 109.36 6.16 109.66 7.19 116.54 6.54 106.41 6.38
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The linearity of the target amino acids ranges from 0.962 to 0.999, on day 2 of
method validation test. The linearity of the target amino acids ranged from 0.960 to
0.999, on day 1 of method validation test as shown in Table 4.5. The analytical
concentration range was from 0.01 to 5.00 mg/L. The linearity for citrulline (Cit),
Isoleucine (lle), phenylalanine (Phe), and Tyrosine were above 0.995 R? value
whereas arginine (Arg), and ornithine (Orn) were below the cut-off value (0.995)

recommended by the European Medicines Agency [12].

Table 4. 5: Analytical method characteristics for the quantification of Arg, Cit, lle,

Orn, Phe, and Phe on day 2 method validation.

Target Linearity Concentration Retention LLOD LLOQ

analyte (R?) range (mg/L) time (min)  (mg/L) (mgl/L)

Arg 0.962 0.01-5 0.81 0.41 1.26
Cit 0.997 0.01-5 0.90 0.10 0.33
lle 0.998 0.01-5 2.11 0.08 0.23
Orn 0.979 0.01-5 0.74 0.30 0.92
Phe 0.999 0.01-5 4.44 0.06 0.17
Tyr 0.999 0.01-5 2.96 0.04 0.13

Recoveries for 0.10, 0.30, 0.50, 3.00, and 4.00 mg/L spiked concentration range
from 87% to 150%, 103% to 126%, 102% to 136%, 103% to 117% (Table 4.6) and
109% to 115% respectively, day 2 method validation (Table 4.7).
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Table 4. 6: Extraction of QC samples (BU) when spiked with 0.10, 0.30, 0.50, 3.00 and 4.00 mg/L of amino acid concentration

respectively day 2 method validation n=9.

0,10 mg/L 0,30 mg/L 0,50 mg/L 3.00 mg/L 4.00 mg/L

Analyte  %Recovery %RSD %Recovery %RSD %Recovery %RSD %Recovery %RSD  %Recovery %RSD
Arg 100.65 34.81 104.51 29.38 100.17 27.82 112.84 15.56 109.21 15.40
Cit 120.24 10.98 | 103.88 19.36 102.39 17.51 | 103.79 15.21 114.32 7.42
lle 96.55 41.22 | 120.83 8.03 132.27 12.80 |117.15 3.91 113.95 2.00
Orn 150.10 80.18 | 111.22 37.66 114.43 25.41  115.09 14.65 109.16 7.76
Phe 87.00 10.07 |112.81 4.53 116.65 3.29 115.44 1.76 112.62 1.70
Tyr 114.07 9.43 126.31 4.17 128.97 3.02 117.05 191 115.86 1.57
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Table 4. 7: Extraction of QC samples (U19) when spiked with 0.10, 0.30, 0.50, 3.00 and 4.00 mg/L of amino acid concentration

respectively day 2 method validation n=9.

Spiked U19 0,10 mg/L 0,30 mg/L 0,50 mg/L 3.00 mg/L 4.00 mg/L

Analyte %Recovery %RSD %Recovery %RSD %Recovery %RSD %Recovery %RSD %Recovery %RSD
Arg 1.496 -11.881 18.889  79.377 14.478  175.454 10.014  100.592 5.791 | 96.929 11.312
Cit 1.028 | 18.262 19.510 1.461 10.649 90.609 15.272 | 82.925 27.619  89.983 17.266
lle 0.124 | 74.043 26.344 | 123.669 8.703 | 119.977 12.299 99.319 9.520 | 104.706 8.746
Orn 0.799 77.107 16.719 | 109.584 10.364 | 102.313 8.968 | 95.865 9.524 | 94.959 11.278
Phe 0.444 | 89.330 8.793 | 116.779 1.587 | 104.361 11.287  94.700 10.569  101.227 6.854
Tyr 0.646 129.428 8.931 | 145.347 2.463 | 123.826 10.601 108.258 10.615  108.170 7.343
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4.3.2.2 Inter-day (two different days) Accuracy (% recovery) and precision (Y0RSD)

The inter-day accuracy and precision for the extraction of 0.10, 0.30, 0.50, 3.00 and
4.00 mg/L spiked concentrations of each target amino acid in BU and U19 matrices
is shown below in Sd Tables 7. 8 through to Sd Table 7.19. BU samples spiked with
0.10 mg/L

Table 4. 8: The %recovery and %RSD of inter-day at spiked amino acid
concentration (0.10, 0.30, 0.50, 3.00 and 4.00 mg/L) in BU n=18.

% Recovery 119.78 145.07 | 74.37 | 129.93 93.04 102.31

%RSD 40.47 | 28,55 |69.78 |68.65 |11.36 144 010
% Recovery 109.11 117.47 118.35 105.84 116.58 125.1

%RSD 29.66 | 20.67 | 12.06 |31.86 @ 4.87 3.51 030
% Recovery 109.06 119.41 130.09 113.14 120.97 | 129.75

%RSD 2753 2146 1447 |2151 4.71 2.84 00
% Recovery 113.14 11255 121.23 123.11 118.65 11941

%RSD 16.02 | 16.78 | 5.02 16.32 3.2 2.49 500
% Recovery 109.47 119.73 | 118.09 114.65 116.77 118.39

%RSD 14.36 | 1359 4.04 14.71 | 3.96 2.57 +00

The recoveries were within (80% -120%) at this concentration level (0.10 mg/L) for
lle (103.49%), Phe (115.79%), Tyr (99.24%), and the other amino acids were above
the 20% acceptable range (around LLOD or LLOQ). The precision was bad for all
the amino acids. The recoveries were good at this concentration level (0.30 mg/L) for
lle (106.26%), the other amino acids were above the 20% acceptable range while
Orn (76.82%), was below the 20%. The precision was bad for all the amino acids
except Phe (14.75%), and Tyr (20.28%). The recoveries were good at this
concentration level (0.50 mg/L) for Phe (113.85%), Tyr (99.24%), the other amino
acids were above the 20% acceptable range (for LLOD and LLOQ). The precision
was bad for all the amino acids except for Phe (16.85%), and Tyr (18.08%). The
recoveries were good at this concentration level (0.10 mg/L) for lle (107.53%), the
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other amino acids were above the 15% acceptable range. The precision was bad for
other amino acids except Phe (9.56%), and Tyr (12.17). The recoveries were good at
this concentration level (4.00 mg/L) for all amino acids except Arg (121.08%) which
was above the 15% acceptable range. The precision was good for lle (13.22%), Phe
(5.29%), and Tyr (8.77%).

Table 4. 9: The %recovery and %RSD of day 1 and day 2 spiked amino acid
concentration (0.10 mg/L) in U19.

% Recovery | 166.73  167.39 | 103.49 185.66 115.79 99.24

%RSD 260.19 | 174.75 | 68.44 | 1385 |21.25 | 42.16 010
% Recovery | 300.26 106.26 129.38 76.82 | 126.59 130.7
%RSD 79.34 | 64.35 | 31.76 | 83.48 |14.75 | 20.28 050
% Recovery 26222 129.92 124.98 1249 113.85 128.48
%RSD 73.75 |26.4 | 25.47 |33.34 |16.85 |18.08 050
% Recovery | 139.09 107.53 117.34 117.38 119.26 130.13
%RSD 29.39 | 22.46 |18.08 |38.25 |9.56 | 12.17 300
% Recovery | 121.08 99 112.65 106.53  114.37  114.08
%RSD 2538 | 20.82 |13.22 [32.49 529 | 8.77 +00

4.3.3 Quantitative data

There were two main sets of quantitative data, in chapter 2 patient groups are
arranged according to the stages of kidney function as predicted by estimated
glomerular filtration rate (eGFR). The data below show patient groups that are

arranged according to the albumin creatinine ratio (A/C ratio).

The figures below Figures 4.6 to 4.9, show amino acid concentration at different
stages of diabetic nephropathy (DN), given by A/C ratio where < 3.5 mg/mmol
indicates negative stages provided the patient has shown this over two clinical visits
in a period of 3 to 6 months. Microalbumin stages are indicated by A/C ratios
between 3.5 through to 30 mg/mmol and stages above A/C ration of 30 mg/mmol are
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categorized as macroalbumin. The A/C ratio is not accurate enough to predict the
progression of DN [17], and only the eGFR was included in the publication.

A/C ratio < 3,5 mg/mmol
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Figure 4. 6: The average amino acids concentrations in the non-diabetic patients.
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Figure 4. 7: The average amino acids concentrations in diabetic patients in the
negative stage of nephropathy based on A/C ratio.
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Figure 4. 8: The average amino acids concentrations in diabetic patients in the
microalbumin stage of nephropathy based on A/C ratio.
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Figure 4. 9: The average amino acids concentrations in diabetic patients in the
microalbumin stage of nephropathy based on A/C ratio.

Discussion and Conclusion provided in chapter 2.
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Chapter 5 Qualitative analysis

5.1 Introduction

In this chapter untargeted metabolomics was used to investigate other urine
metabolites that may be linked to the development of diabetic nephropathy (DN) and
disease progression. MetaboAnalyst was chosen as an online profiling database, to
search, identify metabolites, and also to link the metabolites to metabolic pathways
altered by DN.

Metabolomics looks at molecules smaller than 1500 Daltons (Da), it is a relatively
new approach, and has advantages over other omics. It provides information about
possible drug targets by reviling metabolic pathways affected by the onset and

progression of the disease [1].

Metabolomics is an important addition to the field of genomics; it is easily linked to
the organism’s genotype through elucidation of biochemical pathways and gene
regulatory networks. This technique requires sample collection from biological
specimens. Followed by extraction of metabolites, and then the separation to enable
ease of identification and quantification using instruments such as gas
chromatography or high-performance liquid chromatography coupled to mass
spectrometer (GC/HPLC-MS) [2].

There are several software and online databases for interpreting metabolomics data,
the one used in this research study was MetaboAnalyst which is available free
online. It is the most preferred tool by researchers in the field of metabolomics, it was
founded in 2009 and has over 60 000 users [3]. It has undergone several upgrades
over the years and can be utilised to predict biological pathways, biomarker
discovery, and statistical analysis from mass spectrometry data. In MetaboAnalyst
metabolomic data can be linked to gene expression and this information can be used
for elucidating a pathway or several pathways that may be linked to disease

pathogenesis [4].
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The data from the GC/LC-MS can be quite challenging to interpret accurately due to
the vast majority of metabolites that can be detected from biological samples using
these technigues. Several data formats can be generated from raw mass
spectrometry data such as mzML, mzXML, and netCDF, these are usually submitted

to online databases (MetaboAnalyst, PIMP, MZmine and many others) for analysis

[5].

Statistical tools are required to make sense of complex metabolic data. The analyst
might be interested in showing similarities or differences amongst certain groups of
study subjects or populations. Multivariate data analysis can be employed to look at
trends, and correlations between data groups, and can also discriminate
(discriminant analysis) by looking at deference’s in data sets [6]. Metaboanalyst has
built in statistical tools which assist with data sorting, and interpretation and is user-
friendly.

5.2 Experimental

The mass spectrometry method [MS conditions in chapter 2 (Table 2.1)] used in this
study, allowed for the collection of two MS data sets. The first data set was the MRM
data that was used in the quantification of target amino acids in chapters 2 and 4.
The second data set was the [full scan (50-1300 m/z) MS data], which gave all
detectable metabolites in the analysis of 187 urine samples. The MS data were

processed using the MetaboAnalyst database.

The raw mass spectrometry data from each urine sample was converted to mzXML
using the RawConveter software which is freely available online. The mzXML data
files were submitted to MetaboAnalyst database together with a plain text (.tbxt) file

generated and sorted using excel.

Step 1: Raw data (mzXML with text (.txt) file) was submitted into the database using
the LC-MS processing function which only generates extracted ion chromatogram
(EIC) of significant intensity peaks. The processed data returned 90 features (m/z)

as CSV files with m/z values and peak areas of EIC.
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Step 2: The CSV files were then sorted and submitted to the HMBD library to identify
m/z values. The library matched m/z value were then sorted according to compound
name/HMBD ID.

Step 3: The data was then resubmitted to the MetaboAnalyst pathway analysis using
CSV files.

5.3 Results and discussion

5.3.1 Matching 90 features (CSV files with m/z values and peak areas of EIC (m/z) to
pathways

After submitting to pathway analysis tool in MetaboAnalyst only 50 features were
linked to pathways as shown below in Table 5. 1 The table shows the number of
compounds present in each pathway (Total Cmpd), and the number of hits refers to
the number of compounds matched to that pathway from the two groups being
compared. The significance of a hit is given by raw p-value. A higher significance (p
<0.05) and impact value closer to 1, means that the difference in the hit compounds
between the two groups affects the pathway. In the table below (Table 5. 1), two
compounds in the phenylalanine, tyrosine and tryptophan biosynthesis pathway have
a reasonable impact (0.50). Other hit compounds have very low impacts on their

pathways.
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Table 5. 1: Pathway analysis of significant hits and or impact (diabetes group and

non-diabetes).

Total Hits Raw p Impact
Cmpd
Aminoacyl-tRNA biosynthesis 48.00 3.00 0.001 0.00
Tyrosine metabolism 42.00 1.00 0.002 0.14
Ubiquinone and other terpenoid- 9.00 1.00 0.002 0.00

guinone biosynthesis

Valine, leucine and isoleucine 40.00 1.00 0.009 0.00

degradation

Valine, leucine and isoleucine 8.00 1.00 0.009 0.00
degradation

Pantothenate and CoA biosynthesis 19.00 1.00 0.009 0.00

Phenylalanine, tyrosine and tryptophan 4.00 2.00 0.009 0.50

biosynthesis

Phenylalanine metabolism 10.00 2.00 0.009 0.26

The data in Table 5.1 showed lower impact values meaning that even though there
were significant (p < 0.05) hit compounds in some pathways their effect or influence,
to course considerable changes to the pathway is minimal. This could be caused by

a low number of features searched in the two population groups.

The ROC curves also showed poor predictions and there was no discriminant
deference between the groups using the PLS-DA.
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Figure 5. 1: Control vs diabetes group. The PLS-DA multivariate was used. A (Plot of
ROC curves for all biomarker model based on its average performance across all
MCCYV runs model-0). B (Plot of the predictive accuracy of biomarker models with an
increasing number of features model-6. C (plot of predicted class probabilities for all
samples using a single biomarker model-6. The most accurate biomarker model is
highlighted with a red dot), D (Plot of the most important features of a selected
model-6 ranked from most to least important).

In an attempt to get more meaningful data, the TIC data obtained from each sample
using the Bruker DataAnalysis software was sorted and submitted to the HMBD
database to identify urine metabolites. The searches returned with features (m/z)
linked to the KEGG ID [(KEGG is a collection of databases dealing with genomes,
biological pathways, diseases, drugs, and chemical substances) (KEGG ID is a
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unique identifier for each KEGG object, which is also the database entry identifier)].
The features were then used in QuantAnalysis to obtain EIC peak areas. This
generated approximately 400 features (m/z) which were higher than the 90 features

(m/z) from mzXML files.

5.3.2 Diabetes pathways

This data was then sorted on excel and submitted to Mummichog Pathway Analysis
in MetaboAnalyst database. The data returned more pathway hits together with
compound identification (KEGG ID) for 353 significant features (m/z).

The figure below (Figure 5.2) shows a summary of pathway analysis which displays
all matched pathways as circles. The colour and size of each circle corresponds to
its p-value and enrichment factor, respectively. The enrichment factor of a pathway is
calculated as the ratio between the number of significant pathway hits and the

expected number of compound hits within the pathway.
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Figure 5. 2: Enrichment factor pathway analysis.

The significant features generated above using Mummichog Pathway Analysis in
MetaboAnalyst database were used to determine pathways affected at each stage of
CKD as shown in the following tables (Tables 5.2 to 5.7).

5.3.3 Pathway analysis

The table below (Table 5. 2) shows only pathways with a raw p value < 0.05 other
pathways with p > 0.05 returned by the database are not shown. The data set that
was imputed on pathway analysis was that of the control group and diabetic group
with (eGFR 2 90 mL/min per 1.73 m?). Impact values ranged from 0.0 to 0.5. D-
Glutamine and D-glutamate metabolism have 6 compounds in its pathway and 3 hit
compounds have been linked to this pathway from the submitted data between the
two groups and had a 50% impact (0.5). A single hit compound in the phenylalanine
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tyrosine and tryptophan biosynthesis (4 total compounds) also had a 50% impact
(0.5).

Interestingly regarding D-glutamine Atsushi Hesaka et al in 2019 had presented a
study of D-Amino acids, as potential biomarkers, especially for kidney diseases. The
study showed that D-glutamine, D-threonine, D-methionine, D-valine and D-
isoleucine, which have never been detected in human body, were observed in the
urine [7]. Their findings collaborate the concept that D-amino acids are present in the
human body and are excreted via the kidney [8]. Hence the observed impact value of
0.5 for the D-Glutamine and D-glutamate metabolism should be further investigated
in the future studies.

Table 5. 2: Control (n=17) vs stage 1 CKD group (n=66) (¢GFR = 90 mL/min per
1.73 m?).

Pathway Total Hits Rawp Impact
Cmpd
Arginine biosynthesis 14 7 <0.001 0.482
Glycine serine and threonine metabolism | 33 5 <0.001 0.169
Arginine and proline metabolism 38 9 <0.001 0.274
D-Glutamine and D-glutamate metabolism 6 3 <0.001 0.500
Valine leucine and isoleucine degradation 40 2 <0.001 0.011
Valine leucine and isoleucine biosynthesis 8 2 <0.001 0.000
Tryptophan metabolism 41 12 <0.001 0.415
Taurine and hypo-taurine metabolism 8 1 0.001 0.000
Histidine metabolism 16 7 0.001 0.197
Glutathione metabolism 28 5 0.012 0.090
beta-Alanine metabolism 21 3 0.047 0.104

In the following table (Table 5. 3) the control group was compared to stage 2 CKD.
The pathway analysis retuned eight amino acid pathways which had an impact value
ranging from 0.0 to 0.5. The arginine biosynthesis pathway had 7 hit compounds

(impact 0.482), while tryptophan had 14 hits with an impact of 0.415. The pathway
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with the highest impact (0.5) and 3 hit compounds was D-Glutamine and D-
glutamate metabolism.

Table 5. 3: Control (n=17) vs stage 2 (n=) (eGFR 2 60 < 90 mL/min per 1.73 m?).

Pathway Total Hits Rawp Impact
Cmpd
Arginine biosynthesis 14 7 <0.001 0.482
Glycine serine and threonine metabolism 33 5 <0.001 0.169
Arginine and proline metabolism 38 9 <0.001 0.274
D-Glutamine and D-glutamate metabolism 6 3 <0.001 0.500
Valine leucine and isoleucine degradation 40 2 <0.001 0.011
Valine leucine and isoleucine biosynthesis 8 2 <0.001 0.000
Tryptophan metabolism 41 12 <0.001 0.415
Taurine and hypo-taurine metabolism 8 1 0.001 | 0.000
Histidine metabolism 16 7 0.001 0.197
Glutathione metabolism 28 5 0.012  0.090
beta-Alanine metabolism 21 3 0.047 0.104

Table 5. 4: Control vs stage 3 (eGFR = 30 < 60 mL/min per 1.73 m?).

Pathway Total Hits Raw p Impact
Cmpd

Arginine biosynthesis 14 7 0.042 0.482

Tyrosine metabolism 42 7 0.044 0.317

Glycerophospholipid metabolism 36 1 0.049 0.048

Ether lipid metabolism 20 1 0.049 0.000

Phosphonate and phosphinate metabolism 6 1 0.053 0.000

Nine amino acid metabolic pathways are shown in Table 5. 5 below the impact
ranges from 0.0 to 0.5, D-Glutamine and D-glutamate metabolism had the highest
impact value of 0.5 generated from 3 hit compounds.




Table 5. 5: Control vs stage 4 (eGFR = 15 < 30 mL/min per 1.73 m?).

Pathway Total Hits Raw p Impact
Cmpd
D-Glutamine and D-glutamate metabolism 6 3 <0.001 0.500
Arginine biosynthesis 14 7 <0.001 0.482
beta-Alanine metabolism 21 3 0.002 0.104
Alanine aspartate and glutamate metabolism 28 7 0.002 0.455
Arginine and proline metabolism 38 9 0.003 0.274
Histidine metabolism 16 7 0.011 0.197
Tryptophan metabolism 41 12 0.020 0.415
Tyrosine metabolism 42 7 0.024 | 0.317
Glycine serine and threonine metabolism 33 5 0.031 0.169
Cysteine and methionine metabolism 33 10 0.034 0.386

Table 5. 6: below shows ten amino acid metabolic pathways, the most impacted is

D-Glutamine and D-glutamate metabolism with an impact value of 0.5.
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Table 5. 6: Control vs patients without eGFR data.

Pathway Total Hits Raw p Impact
Cmpd
Arginine biosynthesis 14 7 <0.001 0.482
Arginine and proline metabolism 38 9 <0.001 0.274
Glycine serine and threonine metabolism 33 5 <0.001 0.169
Taurine and hypotaurine metabolism 8 1 <0.001 0.000
D-Glutamine and D-glutamate metabolism 6 3 <0.001 0.500
Valine leucine and isoleucine degradation 40 2 <0.001 0.011
Valine leucine and isoleucine biosynthesis 8 2 <0.001 0.000
Tryptophan metabolism 41 12 <0.001 0.415
Cysteine and methionine metabolism 33 10 <0.001 0.386
Histidine metabolism 16 7 0.003 | 0.197
beta-Alanine metabolism 21 3 0.008 0.104
Alanine aspartate and glutamate metabolism 28 7 0.054 | 0.455

5.3.4 Biomarker analysis

The multivariate ROC curve analysis was used to evaluate the performance of each
biomarker model created through automated important feature identification. One
multivariate algorithm was selected for ROC curve analysis [partial least squares
discriminant analysis (PLS-DA)]. The top-ranking features (max top 100) in terms of
importance were used to build the biomarker classification models. In the PLS-DA
method, the number of latent variables (LV) used was 2.

In the plots below, (Figure 5. 3), all 6 biomarker models presented in the ROC plot
were used ranging from model-0 to models 1-6. Model 0 = all biomarker models 1-6,
Model-1 = 5 features, AUC 0.992, 95% CI 0.956 and Model-6 = AUC 0.985, 95% ClI
0.938-1, (see ROC curve for model 2-5).

In the B ROC plot all models are shown from the best model-1 (5 features shown as
a red square, AUC 0.992, 95% CI 0.956-1) to the last model-6 (AUC 0.985, 95% ClI
0.938-1). The first 10 features (model-2) gave the best accuracy of 98.3% (A plot).
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The C plot gives the top 15 biomarker compounds and L-Arginine has the highest
selected frequency (100%) according to model-2. The D plot indicates how well the
model used is able to discriminate between the two groups, a dotted line at 0.5
separates the two populations, there are no overlaps observed. This graph is also

plotted according to model- 2.
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Figure 5. 3: Control vs stage 1 CKD group (eGFR = 90 mL/min per 1.73 m?). The
PLS-DA multivariate was used. A (Plot of ROC curves for all biomarker model based
on its average performance across all MCCV runs model-0). B (Plot of the predictive
accuracy of biomarker models with an increasing number of features model-2. C
(plot of predicted class probabilities for all samples using a single biomarker model-
2. The most accurate biomarker model is highlighted with a red dot), D (Plot of the
most important features of a selected model-2 ranked from most to least important).
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The biomarker analysis of Control vs stage 2 CKD group (eGFR = 60 < 90 mL/min
per 1.73 m?) is shown in the figure below (Figure 5. 4). In Figure 5. 4 the B plot
indicates how well the model used is able to discriminate between the two groups a
dotted line at 0.5 separates the two populations, there are no overlaps observed
model-2. In the A plot all models are shown from the best (model-1 5 features are
shown red square AUC 0.991, 95% CI 0.889-1) to the last model-6 (AUC 0.976, 95%
Cl 0.894-1) model-0. The first 10 features (model-2) gave the best accuracy of
97.4% (C plot). The D plot gives the top 15 biomarker compounds, L-Arginine has
the highest selected frequency (100%), and D-Glutamic acid has a frequency of
approximately 70%.
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Figure 5. 4: Control vs stage 2 CKD group (eGFR = 60 < 90 mL/min per 1.73 m?).
The PLS-DA multivariate was used. B (Plot of ROC curves for all biomarker model
based on its average performance across all MCCV runs model-0). A (Plot of the
predictive accuracy of biomarker models with an increasing number of features
model-2. C (plot of predicted class probabilities for all samples using a single
biomarker model-2. The most accurate biomarker model is highlighted with a red
dot), D (Plot of the most important features of a selected model-2 ranked from most
to least important.

In Figure 5.5 the B plot indicates how well the model used is able to discriminate
between the two groups a dotted line at 0.5 separates the two populations, there is
an overlap between the groups. In the A plot all models are shown from the best
(model-1 5 features are shown red square AUC 0.606, 95% CI 0.226-0.906) to the
last model-6 (AUC 0.654, 95% CI 0.351-0.906). The first 100 features (model-6)
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gave the best accuracy of 62.5% (C plot). The D plot gives the top 15 biomarker

compounds ornithine has the highest selected frequency (100%).
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Figure 5. 5: Control vs stage 3 CKD group (eGFR = 30 < 60 mL/min per 1.73 m?).
The PLS-DA multivariate was used. B (Plot of ROC curves for all biomarker model
based on its average performance across all MCCV runs model-0). A (Plot of the
predictive accuracy of biomarker models with an increasing number of features
model-6). C (plot of predicted class probabilities for all samples using a single
biomarker model-6. The most accurate biomarker model is highlighted with a red
dot), D (Plot of the most important features of a selected model-6 ranked from most
to least important).

In Figure 5. 6 the B plot indicates how well the model used is able to discriminate
between the two groups a dotted line at 0.5 separates the two populations, there is
no overlap observed between the groups. In the A plot all models are shown from
the best (model-1 5 features are shown red square AUC 0.973, 95% CI 0.727-1) to
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the last model-6 (AUC 0.973, 95% CI 0.792-1). The first 10 features (model-2) gave
the best accuracy of 95.3% (C plot). The D plot gives the top 15 biomarker
compounds D-Glutamic acid had the highest selected frequency followed by L-

lysine, and L-arginine with a frequency above 80%.
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Figure 5. 6: Control vs stage 4 CKD group (eGFR = 15 < 30 mL/min per 1.73 m2).
The PLS-DA multivariate was used. B (Plot of ROC curves for all biomarker model
based on its average performance across all MCCV runs model-0). A (Plot of the
predictive accuracy of biomarker models with an increasing number of features
model-2). C (plot of predicted class probabilities for all samples using a single
biomarker model-2. The most accurate biomarker model is highlighted with a red
dot), D (Plot of the most important features of a selected model-2 ranked from most
to least important).

In Figure 5. 7 the B plot indicates how well the model used is able to discriminate
between the two groups a dotted line at 0.5 separates the two populations, there is

no overlap observed between the groups. In the A plot all models are shown from
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the best (model-1 5 features are shown red square AUC 0.990, 95% CI 0.941-1) to
the last model-6 (AUC 0.972, 95% CI 0.903-1). The first 15 features (model-3) gave
the best accuracy of 95.8% (C plot). The D plot gives the top 15 biomarker
compounds L-Arginine) has the highest selected frequency (100%) and D-glutamic

acid had a frequency around 80%
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Figure 5. 7: Control vs patients without eGFR data. The PLS-DA multivariate was

Predicted Class Probabilities

used. B (Plot of ROC curves for all biomarker model based on its average

performance across all MCCV runs model-0). A (Plot of the predictive accuracy of

biomarker models with an increasing number of features model-3). C (plot of

predicted class probabilities for all samples using a single biomarker model-3. The

most accurate biomarker model is highlighted with a red dot), D (Plot of the most

important features of a selected model-3 ranked from most to least important).
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5.3.5 Summary of results pathway analysis

In the all the pathway analysis results shown from Table 5. 2 through to 5. 4, the
pathways that appear almost in all the groups are the arginine biosynthesis and the
D-Glutamine and D-glutamate metabolism similarly the biomarker with the highest,
frequency% is arginine. In chapter 4 the amino acid ratios of ornithine/arginine were

observed to be different across the different stages of the disease.

However, the phenylalanine, tyrosine and tryptophan biosynthesis is highly impacted
during the stage 1 of the CKD, this is an advantage because as indicated in chapter
24 the tyrosine/phenylalanine concentration ratio can be used as an early indicator of
CKD.

The pathway analysis showed that the biosynthesis of arginine is affected at stages
1,2,3, and 4 of CKD and also in the unclassified unknown group, with the same
impact (impact 0.482). Arginine metabolism may be affected by its own metabolites
that may participate in the pathogenesis of renal disease and in the manipulation of

the arginine biosynthesis pathway [9].

Glycine, serine, and threonine metabolism (impact 0.169), Arginine and proline
metabolism (impact 0.274) appear in stages 1, 2 and 4 of CKD as well as in the
unclassified unknown group. Similarly, the D-Glutamine and D-glutamate metabolism
pathway (impact 0.500), cysteine and methionine metabolism (impact 0.386),
Histidine metabolism (0.197), beta-Alanine metabolism (impact 0.104), and
Tryptophan metabolism (impact 0.415) are impacted in these stages, stage 1,2,4, of
CKD and in the unclassified unknown group. In a study conducted by Zeng et al.,
2017 the decrease in the amount of tryptophan was attributed to a number of
catabolic pathways that are upregulated in CKD [10].

Alanine aspartate and glutamate metabolism (impact 0.455) is impacted in the first
and the fourth stage of CKD including the unclassified group. Phenylalanine,
tyrosine, and tryptophan biosynthesis (impact 0.500) is only impacted in the first
stage of CKD and tyrosine metabolism in stage 3 (impact 0.140), and in stage 4
(impact 0.317).

93



The pathway impact value is an estimate of the importance of a given pathway
relative to a global metabolic network. The cut-off impact value for a given pathway
needs to be = 0.1 to be considered useful [4]. Raw data table for pathway analysis is

shown in the appendix (Sd Table 29).
5.3.6 Summary of results biomarker analysis

In the first stage of CKD the best predictor model was model-2 (98.3%) (10 features
m/z). It returned the following potential biomarkers for stage 1 CKD (frequency 60-
100% listed from high frequency to low). In the second stage of CKD the best
predictor model was model-2 (97.4%) (10 features m/z) and it returned the following
potential biomarkers for stage 2 CKD (frequency 60-100%, listed from high
frequency to low). In the third stage of CKD the best predictor model was model-6
(62.5%) (100 features m/z) and it returned the following potential biomarkers for
stage 3 CKD (frequency 1% listed from high frequency to low) In the fourth stage of
CKD the best predictor model was model-2 (95.3%) (10 features m/z) and it returned
the following potential biomarkers for stage 4 CKD (frequency 60-100%) from high
frequency to low In the unclassified stage CKD the best predictor model was model-
3 (95.8%) (10 features m/z) and it returned the following potential biomarkers for
unknown stage of CKD (frequency 60-100%) from high frequency to low. Below
(Table 5.7) is a summary of biomarkers, raw data tables are shown in the appendix
(Sd Tables 30-34).
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Table 5. 7: Potential biomarkers at different stages of diabetic nephropathy.

stage 1 CKD

stage 2 CKD

stage 3 CKD

stage 4 CKD

Unknown CKD stage

L-arginine L-arginine 3-methoxy-4- hydroxy-phenyl  D-glutamine L-Arginine
glycolaldehyde
Gluconic acid Hypoxanthine Ornithine L-cystine Hydrogen selenide
5-methoxyindoleaceta = Guanidoacetic acid Asymmetric dimethylarginine L-arginine D-Glutamic acid
Hypoxanthine Gluconic acid Hydrogen L-Cystine
selenide
L-cystine D-glutamic acid L-glutamine N-Acetylserotonine

Guanidinoacetic acid

N-acetylceretonine

Ureidopropionic

acid

Gluconic acid

Methylimidazole acetic
acid

5-methoxyindoleacetic
acid

Alpha-ketoisovaleric
acid
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Hydrogen selenide

Alpha ketoisovaleric

acid
L-cystine

Hydrogen selenide

Hypoxanthine

Guanidoacetic acid

5-methoxyindoleacetic
acid
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5.4 Conclusion

The data in chapter 5 shows Arg as the most sensitive marker for stage 1 through to

stage 4 of CKD. Ornithine is also peaked as a biomarker in stage 3 CKD. Other

sensitive amino acid biomarkers are cysteine, glutamic acid, and D-glutamine.
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Chapter 6 Conclusion and future work

6.1 Conclusion

The study demonstrated that the techniques used to acquire quantitative (chapter 2)
and qualitative (chapter 5) data, independently and when used together are good
techniques to investigate biomarkers for diabetic nephropathy.

The quantitative study identified ornithine/arginine and tyrosine/phenylalanine as
potential biomarkers of CKD in stage 3 and citrulline/ornithine ratios and as potential
biomarkers of CKD stage 1.

Several biomarkers were identified in the qualitative analysis, but L-arginine was the
most sensitive biomarker for early CKD and for the disease progression.

The study demonstrated that both quantitative data (chapter 3) and qualitative data
(chapter 5), independently and when used together are good techniques to
investigate biomarker discovery for diabetic nephropathy. The quantitative data
identified ornithine/arginine and tyrosine/phenylalanine, and citrulline/ornithine ratios
as potential biomarkers of CKD in stage 3 and stage 1 respectively. Several
biomarkers were identified in the qualitative analysis, but L-arginine was the most
sensitive biomarker for early CKD as well as for disease progression. The
metabolism of D-Glutamine strongly suggests that this amino acid could also be a
predictor for CKD progression. The method validation showed that our analytical
method did not fulfil all the requirements for full method validation, all the analytes
being quantified need to have an R2 = 0.995 on the intra-day and on inter-day. The

methods would have to be revalidated until all the criteria are met.

6.2 Future work

The use of different columns would be investigated to ensure that optimum
separation (base line peak resolution) is achieved. Several solvent ratios would be
investigated as well as ion pairing agents together with suitable pH for amino acid
analysis on the UHPLC-HRMS that would yield high sensitivity with minimal matrix
effect. To simplify data processing, other user-friendly statistical tools that are less

erroneous than excel spreadsheets would have to be used. The method for the
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guantification of amino acid would be further studied by analysing all amino acids
found in the human body. This will easily support the qualitative data which attempts
to profile all potential metabolites linked to a disease or progression. The qualitative
data also showed that the more samples analysed, the more pathway patterns
emerge. In order for all the data to be confirmed accurately, this needs to be followed
up by quantitative data that looks at potential markers in terms of concentration cut-
offs. The concentration differences of metabolites at different stages of the disease

can then assist to develop an easier diagnostic kit, like biosensor devices.
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Chapter 7 Supplementary information

7.1 Appendix

In this chapter supporting documents are provided for chapter 2, chapter 4, and
chapter 5.

Tables provide additional raw data information, also attached below are approval to
use the article in the dissertation, ethical clearance certificate, and patient consent

form.

101



7.1.1 Matrix effects

Sd Table 7. 1: Peak areas of Arg in H20, BU and U19 at spiked concentrations of 0.10, 0.50 and 4.00 mg/L

0.10 mg/L 0.50 mg/L 4.00 mg/L

H20 BU ul19 H20 BU ul19 H20 BU U19
Area 17176.76 552.39 -1208.31 54320.81 2503.15 1885.71 274855.59 8185.71 14768.02

13114.33 797.43 1699.83 51314.32 1289.58 2759.86 228257.38 11942.00 18164.82

15805.64 416.60 2856.15 50063.07 1995.54 3950.86 201241.47 7757.98 19011.19
Mean 15365.58 588.81 1115.89 51899.40 1929.42 2865.48 234784.81 9295.23 17314.68
SD 2066.65 193.01 2094.21 2188.34 609.48 1036.62 37238.63 2302.12 2245.70
RSD 0.13 0.33 1.88 0.04 0.32 0.36 0.16 0.25 0.13
%RSD 13.45 32.78 187.67 4.22 31.59 36.18 15.86 24.77 12.97
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Sd Table 7. 2: Peak areas of Cit in H20, BU and U19 at spiked concentrations of 0.10, 0.50 and 4.00 mg/L

0.10 mg/L 0.50 mg/L 4.00 mg/L

H20 BU ul19 H20 BU ul19 H20 BU U19
Area 55936.42 276.84 1268.34 183749.28 1711.94 2671.17 879211.63 12984.79 43295.56

55572.73 337.60 675.54 181839.31 1827.72  5455.84  893488.25 10883.33 42512.59

53520.65 563.35 1263.42 190284.22 1077.38 3593.22 894579.19 14080.39 35716.55
Mean 55009.93 392.60  1069.10 185290.94 1539.01  3906.74  889093.02 12649.50 40508.23
SD 1302.51 150.96 340.84 4428.50 403.95 1418.56 8574.91 1624.69 4168.15
RSD 0.02 0.38 0.32 0.02 0.26 0.36 0.01 0.13 0.10
%RSD 2.37 38.45 31.88 2.39 26.25 36.31 0.96 12.84 10.29
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Sd Table 7. 3: Peak areas of lle in H20, BU and U19 at spiked concentrations of 0.10, 0.50 and 4.00 mg/L

0.10 mg/L 0.50 mg/L 4.00 mg/L
H20 BU ul19 H20 BU ul19 H20 BU U19
Area 22675.03 3746.56 |4 6190.63 83673.66 | 36200.32 37857.88 428935.56 276208.38 251163.38
23281.01 5149.35 5465.39 81001.18 39207.63 44762.02 398287.16 285344.31 249590.52
2148297 6746.80 < 6356.86 < 89585.76  38385.85 45504.01 < 406585.16 «283201.97 @ 262914.85
Mean 22479.67 521424 6004.29 84753.53 37931.27 42707.97 411269.29 281584.89 254556.25
SD 914.80 1501.17 | 474.04 4392.99 1554.34 4216.65 15852.04 4777.82 7281.36
RSD 0.04 0.29 0.08 0.05 0.04 0.10 0.04 0.02 0.03
%RSD 4.07 28.79 7.90 5.18 4.10 9.87 3.85 1.70 2.86
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Sd Table 7. 4: Peak areas of Orn in H20, BU and U19 at spiked concentrations of 0.10, 0.50 and 4.00 mg/L

0.10 mg/L 0.50 mg/L 4.00 mg/L

H20 BU Ul19 H20 BU ul19 H20 BU U19
Area 7696.21 338.22 | 462.73 37964.19 1279.75 2590.43 235262.22 7453.24 18027.89

5125.02  863.79 2235.34  31423.44 221228 3135.71  227461.25 11401.32  18133.66

6700.39 104.95 1631.71 30425.37 1353.17 2249.94 222439.22 8805.94 16941.75
Mean 6507.21  435.65 1443.26  33271.00 1615.07 2658.69  228387.56  9220.17 17701.10
SD 1296.44 388.69 901.21 4094.94 518.50 446.81 6461.49 2006.37 659.74
RSD 0.20 0.89 0.62 0.12 0.32 0.17 0.03 0.22 0.04
%RSD 19.92 89.22 62.44 12.31 32.10 16.81 2.83 21.76 3.73
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Sd Table 7. 5: Peak areas of Phe in H20, BU and U19 at spiked concentrations of 0.10, 0.50 and 4.00 mg/L

0.10 mg/L 0.50 mg/L 4.00 mg/L
H20 BU Ul19 H20 BU Ul19 H20 BU U19
Area 161290.14 64461.29 -2876.31 703782.06 292340.31 213421.66 3641046.50 2085446.50 1721893.16
161969.73 66760.87 17530.94 691467.56 298579.53 283658.59 3614098.75 2098469.00 1882110.09
157563.02 65478.62 54235.11 701668.25 289624.84 294037.77 3633510.00 2079308.38 | 1941363.58
Mean 160274.30 65566.93 22963.24 698972.63 293514.90 263706.01 3629551.75 2087741.29 1848455.61
SD 2372.50 1152.33 | 28940.65 6584.95 4591.44 43855.66 | 13903.10 9784.27 113539.79
RSD 0.01 0.02 1.26 0.01 0.02 0.17 0.00 0.00 0.06
%RSD 1.48 1.76 126.03 0.94 1.56 16.63 0.38 0.47 6.14
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Sd Table 7. 6: Peak areas of Tyr in H20, BU and U19 at spiked concentrations of 0.10, 0.50 and 4.00 mg/L

0.10 mg/L 0.50 mg/L 4.00 mg/L
H20 BU ul19 H20 BU ul9 H20 BU ul19
Area 116650.92 30008.96 10025.92 517627.31 171045.33 153513.56 2931739.50 1205901.75 1067263.22
115038.20 29995.92 13223.95 526396.88 162591.31 198822.52 2933628.00 1174806.13 1186869.95
118515.99 42466.38 27320.19 527122.69 166061.97 220189.81 2941289.50 1200795.38 1235892.72
Mean 116735.04 34157.09 16856.69 523715.63 166566.20 190841.96 2935552.33 1193834.42 1163341.96
SD 1740.42 7196.06 | 9201.66 | 5285.11 4249.50 34046.99 | 5057.46 16675.60 86741.87
RSD 0.01 0.21 0.55 0.01 0.03 0.18 0.00 0.01 0.07
%RSD 1.49 21.07 54.59 1.01 2.55 17.84 0.17 1.40 7.46
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7.1.2 Recoveries

Sd Table 7. 7: The mean average, %recovery and %RSD of day 1 and day 2 spiked
amino acid concentration (0.10 mg/L) in U19.

U19 Arg Cit lle Orn Phe Tyr

Mean 0.17 0.17 0.10 0.19 0.12 0.10

Standard 0.43 0.29 0.07 0.26 0.02 0.04 0.10
Deviation mg/L

% Recovery 166.73 167.39 103.49 185.66 115.79 99.24

%RSD 260.19 174.75 68.44 138.50 | 21.25 42.16

Sd Table 7. 8: The mean average, %recovery and %RSD of day 1 and day 2 spiked
amino acid concentration (0.30 mg/L) in U19.

Ul19 Arg Cit lle Orn Phe Tyr

Mean 0.90 0.32 0.39 0.23 0.38 0.39

Standard 0.71 0.21 0.12 0.19 0.06 0.08 0.30
Deviation mg/L

% Recovery 300.26 106.26 129.38 76.82 126.59 130.70

%RSD 79.34 64.35 31.76 83.48 14.75 20.28
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Sd Table 7. 9: The mean average, %recovery and %RSD of day 1 and day 2 spiked
amino acid concentration (0.50 mg/L) in U19.

ul19 Arg Cit lle Orn Phe Tyr

Mean 131 0.65 0.62 0.62 0.57 0.64

Standard 0.97 0.17 0.16 0.21 0.10 0.12 0.50
Deviation mg/L

% Recovery 262.22 129.92 12498 12490 113.85 128.48

%RSD 73.75 26.40 25.47 33.34 16.85 18.08

Sd Table 7. 10: The mean average, %recovery and %RSD of day 1 and day 2
spiked amino acid concentration (3.00 mg/L) in U19.

ul19 Arg Cit lle Orn Phe Tyr

Mean 4.17 3.23 3.52 3.52 3.58 3.90

Standard 1.23 0.72 0.64 1.35 0.34 0.48 3.00

Deviation mg/L

% Recovery 139.09 107.53 117.34 117.38 119.26 130.13

%RSD 29.39 22.46 18.08 38.25 9.56 12.17
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Sd Table 7. 11: The mean average, %recovery and %RSD of day 1 and day 2
spiked amino acid concentration (4.00 mg/L) in U19.

ul19 Arg Cit lle Orn Phe Tyr
Mean 4.84 3.96 4.51 4.26 4.57 4.56
Standard 1.23 0.82 0.60 1.38 0.24 0.40
Deviation

% Recovery 121.08 99.00 112.65 106.53 114.37 114.08
%RSD 25.38 20.82 13.22 32.49 5.29 8.77

4.00
mg/L

Sd Table 7. 12: The mean average, %recovery and %RSD of day 1 and day 2

spiked with 0.30 mg/L amino acid concentration and overall accuracy and precision

0.10
mg/L

BU Arg Cit lle Orn Phe Tyr
Mean 0.12 0.15 0.07 0.13 0.09 0.10
Standard

o 0.05 0.04 0.05 0.09 0.01 0.01
Deviation
% Recovery 119.78  145.07 74.37 129.93 1 93.04 @ 102.31
%RSD 40.47 2855 69.78 68.65 | 11.36 |14.40
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Sd Table 7. 12: The mean average, %recovery and %RSD of day 1 and day 2
spiked with 0.30 mg/L amino acid concentration and overall accuracy and precision

BU Arg Cit lle Orn Phe Tyr

Mean 0.33 0.35 0.36 0.32 0.35 0.38

Standard 0.30
o 0.10 0.07 0.04 0.10 0.02 0.01

Deviation mg/L

% Recovery 109.11 117.47 11835 105.84 | 116.58 125.10

%RSD 29.66 | 20.67 |12.06 | 31.86 | 4.87 3.51

Sd Table 7. 13: The mean average, %recovery and %RSD of day 1 and day 2
spiked amino acid concentration (0.50 mg/L) in BU

BU Arg Cit lle Orn Phe Tyr

Mean 0.55 0.60 0.65 0.57 0.60 0.65

Standard 0.50
o 0.15 0.13 0.09 0.12 0.03 0.02

Deviation mg/L

% Recovery 109.06 119.41 130.09 | 113.14 | 120.97 129.75

%RSD 27.53 12146 |14.47 2151 471 2.84
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Sd Table 7. 14: The mean average, %recovery and %RSD of day 1 and day 2
spiked amino acid concentration (3.00 mg/L) in BU

BU Arg Cit lle Orn Phe Tyr
Mean 3.39 3.38 3.64 3.69 3.56 3.58
Standard

o 0.54 0.57 0.18 0.60 0.11 0.09
Deviation
% Recovery 113.14 11255 121.23 123.11 |118.65 119.41
%RSD 16.02 16.78 5.02 16.32 3.20 2.49

3.00
mg/L

Sd Table 7. 15: The mean average, %recovery and %RSD of day 1 and day 2
spiked amino acid concentration (4.00 mg/L) in BU

4.00
mg/L

BU Arg Cit lle Orn Phe Tyr
Mean 4.38 4.79 4,72 4.59 4.67 4.74
Standard

o 0.63 0.65 0.19 0.67 0.18 0.12
Deviation
% Recovery 109.47 119.73 118.09 114.65 116.77 § 118.39
%RSD 14.36 13.59 |4.04 14.71 | 3.96 2.57
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7.1.3 Method validation dayl (Sd Table 7.17 to 7.22) and day 2 (Sd Table 7.23 to 7.28)

7.1.3.1 Day 1

Sd Table 7. 16: Regression analysis of Arg and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

X Variable 1 Line Fit Plot

20000

Regression Statistics 15000 6
Multiple R | 0.99176 > 10000 a "’ oy
5000 PO _
R Square 0.983588 oY | | Predicted Y
Adjusted R | 0.983002 0 2 4 6
X Variable 1
Square
Standard 603.8293
Error
Observations | 30
ANOVA
df SS MS F Significance
F
Regression 1 6.12E+08 | 6.12E+08 | 1678.085 | 1.55E-26
Residual 28 10209074 | 364609.8
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Total 29 6.22E+08
Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper
Error 95% 95.0% 95.0%
Intercept 214.831 150.0476 | 1.431752 | 0.163284 | -92.5276 522.1896 | -92.5276 | 522.1896
X Variable 1 | 2612.564 63.7764 | 40.96443 | 1.55E-26 | 2481.924 2743.204 | 2481.924 | 2743.204
LLOD 0.189529 mg/mL
LLOQ 0.574331 mg/mL

Sd Table 7. 17: Regression analysis of Cit and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

X Variable 1 Line Fit Plot

30000

Regression Statistics

20000

Multiple R 0.960641 > 10000
R Square 0.922831 0
Adjusted R | 0.920075 10000 ﬁ)
Square

P

v

o

®
4

oY

Predicted Y

4
2
X

4
Variable 1

Standard 1693.09

Error

Observations | 30
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ANOVA

df SS MS F Significance

F

Regression |1 9.6E+08 | 9.6E+08 | 334.8399 | 4.12E-17
Residual 28 80263542 | 2866555
Total 29 1.04E+09

Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept -473.532 420.7218 | -1.12552 | 0.269923 | -1335.34 388.2773 | -1335.34 | 388.2773
X Variable 1 | 3272.236 178.8241 | 18.29863 | 4.12E-17 | 2905.931 3638.54 | 2905.931 | 3638.54
LLOD 0.424292 mg/mL
LLOQ 1.285732 mg/mL

Sd Table 7. 18: Regression analysis of lle and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

Regression Statistics

Multiple R

0.999358

>

X Variable 1 Line Fit Plot

300000

200000

100000

0

Y

Predicted Y

4

X Variable 1
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R Square 0.998715
Adjusted R | 0.99867
Square
Standard 3479.444
Error
Observations | 30
ANOVA

df SS MS F Significance

F

Regression 1 2.64E+11 | 2.64E+11 | 21769.82 | 4.98E-42
Residual 28 3.39E+08 | 12106530
Total 29 2.64E+11

Coefficients | Standard | t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept 2105.534 862.339 | 2.441654 | 0.021195 | 339.1125 3871.955 | 339.1125 | 3871.955
X Variable 1 | 54081.19 366.5379 | 147.546 | 4.98E-42 | 53330.37 54832.01 | 53330.37 | 54832.01
LLOD 0.052619 mg/mL
LLOQ 0.159453 mg/mL
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Sd Table 7. 19: Regression analysis of Orn and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT
X Variable 1 Line Fit Plot
‘ 10000 .
Regression Statistics o U
Muliple R | 0.98609 > 0% e " oy
R Square 0.972374 LA | - mPredicted Y
Adjusted R |0.971387 0 2 4 6
Square X Variable 1
Standard 467.8485
Error
Observations | 30
ANOVA
df SS MS F Significance
F
Regression 1 2.16E+08 | 2.16E+08 | 985.5385 | 2.28E-23
Residual 28 6128703 | 218882.2
Total 29 2.22E+08
Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper
Error 95% 95.0% 95.0%
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Intercept 325.9658 116.2573 | 2.803831 | 0.009071 | 87.82354 564.108 | 87.82354 | 564.108
X Variable 1 | 1551.272 49.41413 | 31.39329 | 2.28E-23 | 1450.052 1652.492 | 1450.052 | 1652.492
LLOD 0.247313 mg/mL
LLOQ 0.749432 mg/mL

Sd Table 7. 20: Regression analysis of Phe and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

Regression Statistics

>

X Variable 1 Line Fit Plot

3000000

2000000

Multiple R 0.99966 1000000 oy
R Square 0.99932 0 | | | Predicted Y
Adjusted R | 0.999296 0 2 4 6
Square X Variable 1
Standard 19628.04
Error
Observations | 30
ANOVA

df SS MS F Significance

F
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Regression |1 1.59E+13 | 1.59E+13 | 41177.89 | 6.69E-46
Residual 28 1.08E+10 | 3.85E+08
Total 29 1.59E+13

Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept 19044.59 4877.438 | 3.904629 | 0.000542 | 9053.608 29035.57 | 9053.608 | 29035.57
X Variable 1 | 420682.8 2073.112 | 202.9234 | 6.69E-46 | 416436.3 424929.4 | 416436.3 | 424929.4
LLOD 0.038261 mg/mL
LLOQ 0.115941 mg/mL

Sd Table 7. 21: Regression analysis of Tyr and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

Regression Statistics

>

Multiple R 0.999077
R Square 0.998154
Adjusted R | 0.998088
Square

X Variable 1 Line Fit Plot

1500000

1000000

500000

oY

Predicted Y

0 F
0

X Variable 1
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Standard 19440.58
Error
Observations | 30
ANOVA

df SS MS F Significance

F

Regression 1 5.72E+12 | 5.72E+12 | 15142.75 | 7.96E-40
Residual 28 1.06E+10 | 3.78E+08
Total 29 5.73E+12

Coefficients | Standard | t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept 15531.03 4830.856 | 3.214965 | 0.003278 | 5635.471 25426.59 | 5635.471 | 25426.59
X Variable 1 | 252672.2 2053.313 | 123.0559 | 7.96E-40 | 248466.1 256878.2 | 248466.1 | 256878.2
LLOD 0.063093 mg/mL
LLOQ 0.191191 mg/mL
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7.1.3.2 Day 2

Sd Table 7. 22: Regression analysis of Arg and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT . . .
X Variable 1 Line Fit Plot
20000
Regression Statistics 15000 $ :
: 10000
Multiple R 0.962361 > <000 . B 8 oy
R Square 0.926138 0 gt v Predicted Y
Adjusted R | 0.9235 0 2 4 6
X Variable 1
Square
Standard 1400.04
Error
Observations | 30
ANOVA
df SS MS F Significance
F
Regression 1 6.88E+08 | 6.88E+08 | 351.0855 | 2.23E-17
Residual 28 54883097 | 1960111
Total 29 7.43E+08
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Coefficients | Standard | t Stat P-value | Lower 95% | Upper Lower Upper
Error 95% 95.0% 95.0%
Intercept 687.551 347.9006 | 1.976286 | 0.058049 | -25.0911 1400.193 | -25.0911 | 1400.193
X Variable 1 | 2770.72 147.8721 | 18.73727 | 2.23E-17 | 2467.817 3073.622 | 2467.817 | 3073.622
LLOD 0.414359 mg/mL
LLOQ 1.255633 mg/mL

Sd Table 7. 23: Regression analysis of Cit and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

Regression Statistics

X Variable 1 Line Fit Plot

20000

10000

Multiple R 0.997267 > 4 oY

R Square 0.994542 0 j‘ i , ; . Predicted Y
Adjusted R | 0.994347 -10000

Square X Variable 1

Standard 488.9281

Error

Observations | 30

ANOVA
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df SS MS F Significance
F

Regression 1 1.22E+09 | 1.22E+09 | 5101.638 | 3.12E-33
Residual 28 6693420 | 239050.7
Total 29 1.23E+09

Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept -44.2405 121.4954 | -0.36413 | 0.718494 | -293.113 204.6316 | -293.113 | 204.6316
X Variable 1 | 3688.466 51.64055 | 71.42575 | 3.12E-33 | 3582.685 3794.246 | 3582.685 | 3794.246
LLOD 0.1087 mg/mL
LLOQ 0.329393 mg/mL

Sd Table 7. 24: Regression analysis of lle and calibration curve (X variable 1lline fit plot)

SUMMARY OUTPUT

400000

Regression Statistics

300000

> 200000
100000

0

X Variable 1 Line Fit Plot

Y

Predicted Y

Multiple R 0.998625
R Square 0.997252
Adjusted R | 0.997154

2 4 6
X Variable 1
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Square

Standard 6328.553
Error
Observations | 30
ANOVA

df SS MS F Significance

F

Regression 1 4.07E+11 | 4.07E+11 | 10160.18 | 2.1E-37
Residual 28 1.12E+09 | 40050587
Total 29 4.08E+11

Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept 1071.909 1568.457 | 0.683416 | 0.49996 |-2140.93 4284.748 | -2140.93 | 4284.748
X Variable 1 | 67199.21 666.6739 | 100.7977 | 2.1E-37 | 65833.59 68564.83 | 65833.59 | 68564.83
LLOD 0.077023 mg/mL
LLOQ 0.233404 mg/mL

Sd Table 7. 25: Regression analysis of Orn and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

X Variable 1 Line Fit Plot

15000

10000
>
5000

Y

™.

B IRV 2
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Regression Statistics

Multiple R 0.979354
R Square 0.959134
Adjusted R | 0.957675
Square
Standard 763.9046
Error
Observations | 30
ANOVA

df SS MS F Significance

F

Regression 1 3.83E+08 | 3.83E+08 | 657.174 | 5.52E-21
Residual 28 16339407 | 583550.3
Total 29 4E+08

Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept 251.4707 189.8253 | 1.324748 | 0.195965 | -137.369 640.3101 | -137.369 | 640.3101
X Variable 1 | 2068.356 80.68355 | 25.63541 | 5.52E-21 | 1903.083 2233.628 | 1903.083 | 2233.628
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LLOD 0.302861

mg/mL

LLOQ 0.917759

mg/mL

Sd Table 7. 26: Regression analysis of Phe and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

X Variable 1 Line Fit Plot

3000000
Regression Statistics 2000000 2
Muliple R | 0.999297 7 1000000 oY
R Square 0.998594 0r | | | Predicted Y
Adjusted R | 0.998544 0 2 4 6
Square X Variable 1
Standard 33688.65
Error
Observations | 30
ANOVA
df SS MS F Significance
F
Regression 1 2.26E+13 | 2.26E+13 | 19893.25 | 1.76E-41
Residual 28 3.18E+10 | 1.13E+09
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Total 29 2.26E+13
Coefficients | Standard |t Stat P-value | Lower 95% | Upper Lower Upper
Error 95% 95.0% 95.0%
Intercept 25885.67 8371.407 | 3.092154 | 0.004467 | 8737.625 43033.72 | 8737.625 | 43033.72
X Variable 1 | 501859.6 3558.192 | 141.0434 | 1.76E-41 | 494571 509148.3 | 494571 509148.3
LLOD 0.055047 mg/mL
LLOQ 0.166808 mg/mL

Sd Table 7. 27: Regression analysis of Tyr and calibration curve (X variable 1line fit plot)

SUMMARY OUTPUT

Regression Statistics

X Variable 1 Line Fit Plot

2000000
1500000

Multiple R | 0.99958 > 1000000 oy
500000

R Square 0.99916 0 | | | Predicted Y
Adjusted R |0.99913 0 2 4 6
S X Variable 1

quare
Standard 15369.14
Error
Observations | 30
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ANOVA

df SS MS F Significance
F

Regression 1 7.86E+12 | 7.86E+12 | 33294.5 | 1.31E-44
Residual 28 6.61E+09 | 2.36E+08
Total 29 7.87E+12

Coefficients | Standard | t Stat P-value | Lower 95% | Upper Lower Upper

Error 95% 95.0% 95.0%

Intercept 14716.85 3819.129 | 3.853457 | 0.000622 | 6893.72 22539.98 | 6893.72 | 22539.98
X Variable 1 | 296197.6 1623.287 | 182.4678 | 1.31E-44 | 292872.5 299522.8 | 292872.5 | 299522.8
LLOD 0.04255 mg/mL
LLOQ 0.128939 mg/mL
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7.2 Chapter 5 supporting documents

7.2.1 Pathway analysis

Sd Table 7. 28: Pathway analysis Control vs diabetic group

Pathway Pathwa | Hits | Hit | Expecte | FET EASE Gamma | Em | Empirica | Pathwa | Cmpd
y total total | s d p I y NO: Hits
sig Hits
Histidine 33 14 6 1.3086 0.01850 | 0.06633 |0.03330 |0 0 P1 C0002
metabolism 1 1 6 5
Purine metabolism | 80 15 6 3.1723 0.02667 | 0.08667 |0.03401 |0 0 P2 C0002
8 2 8 5
Nitrogen 6 4 3 0.23792 | 0.01617 |0.1308 0.03563 |0 0 P3 C0002
metabolism 8 5
Glutathione 19 8 4 0.75342 | 0.03043 |0.13286 |0.03571 |O 0 P4 C0002
Metabolism 1 7 5
Alanine and | 30 17 6 1.1896 0.04945 | 0.13583 |0.03583 |0 0 P5 C0002
Aspartate 9 5
Metabolism
Vitamin B3| 28 14 5 1.1103 0.06842 | 0.19052 |0.03801 |0 0 P6 C0002
(nicotinate and 8 8 5
nicotinamide)
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metabolism

Pyrimidine 70 19 6 2.7757 0.08147 |0.19473 |0.03819 |0 0 P7 C0180
metabolism 3 5 1
Arginine and Proline | 45 23 6 1.7844 0.1724 0.33147 | 0.04468 |0 0 P8 C0002
Metabolism 1 5
Glutamate 15 8 3 0.5948 0.1355 0.39422 |0.04825 |0 0 P9 C0002
metabolism 1 5
Lysine metabolism | 52 22 5 2.062 0.30235 | 0.51105 |0.05628 |1 0.01 P10 C0002
5 5
Pathway Pathwa | Hits | Hit | Expecte | FET EASE Gamma | Em | Empirica | Pathwa | Cmpd
y total total | s d p I y NO: Hits
sig Hits
Aspartate and | 114 47 9 4.5205 0.38673 | 0.53447 |0.05817 |0 0 P11 C0002
asparagine 3 5
metabolism
Pentose and | 15 5 2 0.5948 0.19761 | 0.59812 |0.06391 |0 0 P12 C0053
Glucuronate 5 2
Interconversions
Pentose phosphate | 37 5 2 1.4672 0.19761 | 0.59812 |0.06391 |3 0.03 P13 C0180
pathway 5 1
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Pentose and | 15 5 2 0.5948 0.19761 | 0.59812 |0.06391 |0 0 P12 C0053
Glucuronate 5 2
Interconversions

Pentose phosphate | 37 5 2 1.4672 0.19761 | 0.59812 |0.06391 |3 0.03 P13 C0180
pathway 5 1
Urea  cycle/amino | 85 31 6 3.3705 0.42126 |0.60785 |0.06488 |1 0.01 P14 C0002
group metabolism 4 5
Selenoamino  acid | 35 7 2 1.3879 0.33285 | 0.72147 |0.0787 0 0 P15 C0152
metabolism 8
Glycine alanine and | 88 29 5 3.4895 0.55191 | 0.73909 |0.08138 |0 0 P16 C0002
threonine 9 5
metabolism

Beta-Alanine 20 9 2 0.79307 |0.46129 |0.80718 |0.09397 |5 0.05 P17 C0002
metabolism 6 5
Valine leucine and | 65 18 3 2.5775 0.60414 | 0.82952 |0.09915 |1 0.01 P18 C0002
isoleucine 5
degradation

Aminosugars 69 10 2 2.7361 0.52001 | 0.83964 |0.10173 |2 0.02 P19 C0002
metabolism 5
Pathway Pathwa | Hits | Hit | Expecte | FET EASE Gamma | Em | Empirica | Pathwa | Cmpd
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y total total | s d p I y NO: Hits
sig Hits

Ascorbate (Vitamin | 29 11 2 1.15 0.57435 | 0.86667 |0.10953 |1 0.01 P20 C0080
C) and Aldarate 0
Metabolism
Methionine and | 94 20 3 3.7274 0.67894 |0.87213 |0.1113 2 0.02 P21 C0002
cysteine 5
metabolism
Tryptophan 94 46 6 3.7274 0.81462 | 0.9072 0.12488 |2 0.02 P22 C0002
metabolism 5
Tyrosine 160 69 9 6.3446 0.85167 | 0.91659 |0.12939 |0 0 P23 C0002
metabolism 5
Glycerophospholipi | 156 15 2 6.1859 0.74654 | 0.93647 |0.14088 |10 0.1 P24 Cl1474
d metabolism 8
Butanoate 34 19 2 1.3482 0.85578 |0.96987 |0.17198 |3 0.03 P25 C0002
metabolism 5
C21-steroid 112 48 2 4.4412 0.99877 |0.99988 |0.37381 |38 0.38 P26 C0548
hormone 7
biosynthesis and
metabolism
C21-steroid 112 48 2 4.4412 0.99877 |0.99988 |0.37381 |38 0.38 P26 C0548
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hormone 7

biosynthesis and

metabolism

Arachidonic acid | 95 53 2 3.7671 0.9995 0.99996 |0.40414 |9 0.09 P27 C0002

metabolism 5

Sialic acid | 107 12 1 4.2429 0.89143 |1 1 15 0.15 P28 C0539

metabolism 4

Pathway Pathwa | Hits | Hit | Expecte | FET EASE Gamma | Em | Empirica | Pathwa | Cmpd
y total total | s d p I y NO: Hits

sig Hits

Putative anti- | 27 14 1 1.0706 0.92531 |1 1 7 0.07 P29 C0002

Inflammatory 5

metabolites

formation from EPA

Hexose 20 7 1 0.79307 |0.72477 |1 1 9 0.09 P30 C0583

phosphorylation 8

Galactose 41 13 1 1.6258 0.90994 |1 1 9 0.09 P31 C0539

metabolism 4

Carnitine shuttle 72 2 1 2.855 0.30732 |1 1 2 0.02 P32 C0031
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Vitamin B1 (thiamin) | 20 5 1 0.79307 |0.60152 |1 1 5 0.05 P33 C0032
metabolism 2
Vitamin B5 - CoA |12 4 1 0.47584 0.52074 |1 1 7 0.07 P34 CO0009
biosynthesis  from 7
pantothenate

Bile acid | 82 4 1 3.2516 0.52074 |1 1 2 0.02 P35 C0003
biosynthesis 7
Biopterin 22 12 1 0.87238 |0.89143 |1 1 44 0.44 P36 C0008
metabolism 2
Caffeine 11 6 1 0.43619 |0.66878 |1 1 2 0.02 P37 C1635
metabolism 9
Vitamin B9 (folate) | 33 5 1 1.3086 0.60152 |1 1 4 0.04 P38 C0002
metabolism 5

De novo fatty acid | 106 6 1 4.2033 0.66878 |1 1 16 0.16 P39 C0642
biosynthesis 8
Vitamin A (retinol) | 67 16 1 2.6568 0.94868 |1 1 9 0.09 P40 C1668
metabolism 1
Fatty Acid | 63 4 1 2.4982 0.52074 |1 1 12 0.12 P41 C0031
Metabolism 8
Pathway Pathwa | Hits | Hit | Expecte | FET EASE Gamma | Em | Empirica | Pathwa | Cmpd
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y total total | s d p I y NO: Hits
sig Hits
Xenobiotics 110 18 1 4.3619 0.96478 12 0.12 P42 C0585
metabolism 1
Saturated fatty | 36 2 1 1.4275 0.30732 2 0.02 P43 C0031
acids beta-oxidation 8
Porphyrin 43 5 1 1.7051 0.60152 7 0.07 P44 C0003
metabolism 7
Leukotriene 92 20 1 3.6481 0.97586 16 0.16 P45 C0003
metabolism 7
Fatty acid activation | 74 10 1 2.9344 0.84235 14 0.14 P46 eicostet
Carbon fixation 10 1 1 0.39653 | 0.16761 5 0.05 P47 C0004
9
Ubiquinone 10 6 1 0.39653 | 0.66878 9 0.09 P48 C0081
Biosynthesis 1
1-and2- 4 4 1 0.15861 | 0.52074 8 0.08 P49 C1408
Methylnaphthalene 9

degradation
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7.3 Biomarker discovery (Sd Tables 30 to 34)

Sd Table 7. 29: Control vs stage 1 CKD

1 CKD Rank | Importance | Control | diseasel
Freq.
L-Arginine 1.00 3.70 Low High
Gluconic acid 0.90 2.46 High Low
5-Methoxyindoleacetate 0.86 2.35 High Low
Hypoxanthine 0.84 2.48 High Low
L-Cystine 0.68 2.19 High Low
Guanidoacetic acid 0.66 2.13 High Low
L-Cysteine 0.60 1.95 High Low
Methylimidazoleacetic acid 0.58 2.03 Low High
Hydrogen selenide 0.54 2.01 Low High
N-Acetylserotonin 0.50 1.85 High Low
D-Glutamic acid 0.34 1.82 Low High
Guanosine  3'-diphosphate  5'- | 0.24 1.63 Low High
triphosphate
Betaine 0.22 1.45 Low High
L-Glutamine 0.18 1.50 Low High
Imidazole-4-acetaldehyde 0.16 1.43 High Low
L-Carnitine 0.16 1.43 High Low
Alpha-ketoisovaleric acid 0.14 1.47 Low High
L-Octanoylcarnitine 0.14 1.15 Low High
3-Methoxy-4- 0.12 1.27 High Low
hydroxyphenylglycolaldehyde
Ureidopropionic acid 0.10 1.33 High Low
L-Leucine 0.06 0.98 Low High
Acetylisoniazid 0.06 0.95 Low High
4a-Carbinolamine 0.06 0.85 Low High
tetrahydrobiopterin
L-Aspartic acid 0.04 0.97 High Low
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Oxoglutaric acid 0.04 0.96 High Low
Cysteinylglycine 0.04 0.93 High Low
Glucosamine 0.04 0.86 Low High
L-Methionine 0.04 0.80 High Low
3-Dehydroxycarnitine 0.04 0.67 Low High
Linoleic acid 0.04 0.57 Low High
Ciliatine 0.04 0.55 High Low
L-Tyrosine 0.02 1.03 Low High
N-Glycolylneuraminic acid 0.02 0.96 Low High
D-1-Piperideine-2-carboxylic acid | 0.02 0.90 Low High
1 CKD Rank | Importance | Control | diseasel
Freq.
(R)-Salsolinol 0.02 0.86 High Low
1-Methylxanthine 0.02 0.84 Low High
Glycerophosphocholine 0.02 0.82 Low High
Glutathione episulfonium ion 0.02 0.78 Low High
Caprylic acid 0.02 0.77 Low High
Chloral hydrate 0.02 0.65 Low High
Nonadeca-10(Z)-enoic acid 0.02 0.61 Low High
Testosterone glucuronide 0.02 0.58 Low High
Felbamate 0.02 0.57 Low High
Chitobiose 0.02 0.56 High Low
2-Hydroxyfelbamate 0.02 0.56 High Low
N6-Acetyl-L-lysine 0.02 0.55 Low High
Polylimonene 0.02 0.50 High Low
N2-Succinyl-L-ornithine 0.02 0.47 High Low
6-(alpha-D-Glucosaminyl)-1D- 0.02 0.38 High Low
myo-inositol
Sd Table 7. 30: Control vs stage 2 CKD
2 CKD Rank | Importance | Control | disease2
Freq.
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L-Arginine 1.00 |3.27 High Low
Hypoxanthine 0.74 |2.20 High Low
Guanidoacetic acid 0.74 |2.19 High Low
Gluconic acid 0.72 |2.09 Low High
D-Glutamic acid 0.68 |2.07 Low High
N-Acetylserotonin 0.66 |2.07 High Low
5-Methoxyindoleacetate 0.66 |2.06 Low High
Methylimidazoleacetic acid 0.62 |2.00 Low High
Alpha-ketoisovaleric acid 0.60 |2.02 High Low
L-Cystine 0.54 |2.03 High Low
Hydrogen selenide 0.48 |1.87 High Low
L-Cysteine 0.30 |1.66 High Low
L-Carnitine 0.26 |1.65 Low High
Guanosine 3'-diphosphate 5'-]0.22 | 1.59 High Low
triphosphate
Imidazole-4-acetaldehyde 0.20 |1.64 Low High
3-Methoxy-4- 0.18 |1.42 High Low
hydroxyphenylglycolaldehyde
Polylimonene 0.12 |1.10 High Low
Chondroitin 0.10 |1.43 High Low
2-Aminobenzoic acid 0.10 |1.15 High Low
L-Glutamine 0.10 |1.12 High Low
2 CKD Rank | Importance | Control | disease2
Freq.
5-Methyltetrahydrofolic acid 0.08 |1.10 High Low
Betaine 0.06 |1.30 High Low
Riboflavin reduced 0.06 |1.22 High Low
Glycerophosphocholine 0.06 |1.06 Low High
Tetrahydrocortisol 0.06 |0.98 Low High
Glutathione episulfonium ion 0.06 |0.96 High Low
N-Glycolylneuraminic acid 0.04 |1.18 High Low
N-Didesmethyl-tamoxifen 0.04 |1.13 Low High
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Cocaine 0.04 |1.10 High Low
Citrulline 0.04 |1.02 Low High
L-Aspartic acid 0.04 |0.97 Low High
Acetylisoniazid 0.04 ]0.89 High Low
15-Keto-prostaglandin E2 0.04 |0.86 High Low
Cysteinylglycine 0.02 |1.09 Low High
N-Acetylputrescine 0.02 |1.08 Low High
Melibiitol 0.02 |1.03 Low High
Ureidopropionic acid 0.02 |0.99 Low High
3-Hydroxylidocaine 0.02 |0.97 High Low
cis-beta-D-Glucosyl-2- 0.02 |0.92 Low High
hydroxycinnamate
D-1-Piperideine-2-carboxylic 0.02 |0.89 Low High
acid
N-Acetyl-L-methionine 0.02 |0.83 High Low
5-Hydroxykynurenamine 0.02 |0.83 High Low
1-Methylxanthine 0.02 |0.66 Low High
3-Methoxy-4- 0.02 |0.65 High Low
hydroxyphenylglycol glucuronide
Testosterone glucuronide 0.02 |0.61 High Low
3-Dehydroxycarnitine 0.02 |0.59 High Low
Oxoglutaric acid 0.02 |0.57 High Low
Sd Table 7. 31: Control vs stage 3 CKD
3 CKD Rank | Importance | Control | disease3
Freq.
3-Methoxy-4- 1.00 1.53 High Low
hydroxyphenylglycolaldehyde
Ornithine 1.00 1.37 High Low
Asymmetric dimethylarginine 1.00 1.27 High Low
Coumaric acid 0.98 1.89 High Low
Kynurenic acid 0.98 1.37 Low High
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S-Adenosylmethionine 0.98 1.24 Low High
2-Phenylacetamide 0.96 1.61 Low High
L-Octanoylcarnitine 0.96 1.39 High Low
3 CKD Rank | Importance | Control | disease3
Freq.
Diethylphosphate 0.94 1.23 High Low
Acetylisoniazid 0.92 1.21 Low High
Perillic acid 0.92 1.19 High Low
1-Methylpyrrolinium 0.92 1.11 Low High
Betaine 0.90 1.47 Low High
5-Methyltetrahydrofolic acid 0.90 1.36 High Low
Pyridoxal 0.90 1.26 High Low
Chenodeoxyglycocholic acid 0.90 1.26 High Low
N-Glycolylneuraminic acid 0.90 1.17 Low High
Cysteinylglycine 0.90 1.12 Low High
N-Didesmethyl-tamoxifen 0.88 1.25 Low High
Glucosamine 0.88 1.25 High Low
7alpha-Hydroxypregnenolone 0.88 1.22 Low High
N-Acetylgalactosamine 0.88 1.19 Low High
L-Glutamine 0.88 1.17 High Low
Estriol-16-Glucuronide 0.88 1.10 High Low
Ciliatine 0.86 1.40 Low High
Citrulline 0.86 1.26 High Low
Glycerophosphocholine 0.86 1.25 Low High
L-3-Hydroxykynurenine 0.84 1.23 High Low
Testosterone glucuronide 0.84 1.15 High Low
5-Hydroxy-L-tryptophan 0.84 1.14 Low High
2-Hydroxynevirapine 0.84 1.11 High Low
Dihydrothymine 0.84 1.02 High Low
Alpha-ketoisovaleric acid 0.82 1.33 Low High
Ecgonine methyl ester 0.82 1.29 High Low
L-Gulonolactone 0.82 1.19 High Low
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L-Aspartic acid 0.82 1.10 High Low
cis-beta-D-Glucosyl-2- 0.80 1.01 Low High
hydroxycinnamate

1-Methylhistidine 0.78 1.09 Low High
1-Hydroxymethylnaphthalene 0.78 1.07 Low High
Ureidopropionic acid 0.78 1.01 High Low
Creatinine 0.78 0.95 High Low
Estrone glucuronide 0.74 1.02 Low High
Hydrogen selenide 0.72 1.24 Low High
Chloral hydrate 0.72 1.09 Low High
5-Acetamidovalerate 0.70 1.07 High Low
3-Mercaptolactic acid 0.70 1.06 Low High
Codeine 0.70 1.01 High Low
Citric acid 0.70 0.99 High Low
N-Acetylserotonin 0.68 1.22 High Low
Riboflavin reduced 0.68 1.12 Low High
3 CKD Rank | Importance | Control | disease3

Freq.

5-Hydroxyindoleacetic acid 0.68 1.05 Low High
N-Acetylputrescine 0.68 0.87 High Low
2-Aminobenzoic acid 0.66 1.12 Low High
Perillyl alcohol 0.64 1.08 High Low
Polylimonene 0.64 1.02 Low High
13-L-Hydroperoxylinoleic acid 0.64 0.96 Low High
Melibiitol 0.64 0.95 High Low
L-Methionine 0.64 0.94 Low High
Carglumic acid 0.64 0.89 High Low
L-Lysine 0.64 0.88 High Low
Chondroitin 0.64 0.85 High Low
Acrylamide 0.64 0.84 High Low
N-Methyltryptamine 0.64 0.83 Low High
4-Aminobutyraldehyde 0.62 1.03 Low High
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Phenylacetic acid 0.62 0.99 High Low
Cocaine 0.62 0.89 Low High
Nonadeca-10(Z)-enoic acid 0.62 0.74 High Low
(N-acetylneuraminosyl(a2- 0.60 0.89 Low High
6)lactosamine)

L-Alpha-aminobutyric acid 0.60 0.89 High Low
Glutathione episulfonium ion 0.58 0.95 Low High
Cortexolone 0.58 0.95 Low High
Hypoxanthine 0.58 0.84 High Low
N-Formyl-L-glutamic acid 0.58 0.81 Low High
procollagen 5-hydroxy-L-lysine 0.58 0.75 High Low
Chitobiose 0.58 0.75 High Low
Estrone 0.58 0.71 High Low
Normetanephrine 0.56 0.94 High Low
Hordenine 0.56 0.83 Low High
Methylimidazole acetaldehyde 0.56 0.82 High Low
Sarcosine 0.56 0.70 High Low
15-Keto-prostaglandin E2 0.54 0.87 High Low
Tetrahydrobiopterin 0.54 0.84 High Low
Adenosine monophosphate 0.54 0.82 High Low
L-Cysteine 0.54 0.77 High Low
Formiminoglutamic acid 0.54 0.77 Low High
2-Aminoacrylic acid 0.52 0.87 High Low
(R)-Salsolinol 0.52 0.85 High Low
(S)-3-Hydroxy-N-methylcoclaurine 0.52 0.78 Low High
gamma-Glutamylalanine 0.52 0.70 High Low
Anserine 0.50 0.84 High Low
Gluconic acid 0.50 0.82 High Low
2-Keto-6-aminocaproate 0.50 0.80 Low High
3 CKD Rank | Importance | Control | disease3

Freq.
Butyric acid 0.50 0.79 High Low
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Ureidosuccinic acid 0.48 0.85 High Low
Argininosuccinic acid 0.48 0.85 High Low
Oxoadipic acid 0.46 0.63 High Low
Alpha-N-Phenylacetyl-L-glutamine 0.44 0.79 High Low
N'-Formylkynurenine 0.44 0.77 High Low
3-Hydroxylidocaine 0.44 0.73 High Low
Aniline 0.44 0.73 Low High
2-Oxo0-4-methylthiobutanoic acid 0.44 0.55 High Low
18-Hydroxycorticosterone 0.42 0.77 High Low
1H-Indole-3-acetamide 0.42 0.76 Low High
N-(0)-Hydroxyarginine 0.42 0.76 High Low
Imidazole-4-acetaldehyde 0.40 0.87 High Low
L-Leucine 0.40 0.79 Low High
6-(alpha-D-Glucosaminyl)-1D-myo- 0.40 0.70 Low High
inositol

2-Naphthaldehyde 0.38 0.78 Low High
Thiamine 0.38 0.72 High Low
D-Maltose 0.38 0.70 High Low
Pyroglutamic acid 0.38 0.62 Low High
Dopamine 0.34 0.71 Low High
Guanosine 3'-diphosphate 5-10.34 0.70 Low High
triphosphate

Dihydrotestosterone 0.34 0.66 High Low
3-Dehydroxycarnitine 0.34 0.63 Low High
Coniferyl alcohol 0.32 0.74 Low High
3-Methylthiopropionic acid 0.32 0.71 Low High
Naphthalene 0.32 0.69 Low High
Indoleacetic acid 0.32 0.65 High Low
L-Cystine 0.32 0.65 High Low
Felbamate 0.32 0.62 High Low
2-Hydroxyfelbamate 0.32 0.62 High Low
S-Adenosylhomocysteine 0.32 0.55 Low High
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L-Tryptophan 0.30 0.72 High Low
N2-Succinyl-L-ornithine 0.30 0.67 High Low
3-Methoxy-4-hydroxyphenylglycol 0.30 0.67 High Low
glucuronide

2-Arachidonylglycerol 0.30 0.66 High Low
D-1-Piperideine-2-carboxylic acid 0.30 0.66 High Low
Tetrahydrocortisol 0.30 0.57 High Low
L-Carnitine 0.30 0.57 High Low
4a-Hydroxytetrahydrobiopterin 0.30 0.55 Low High
Creatine 0.28 0.69 High Low
3 CKD Rank | Importance | Control | disease3

Freq.

Estrone sulfate 0.28 0.66 High Low
Pyridoxamine 0.28 0.60 High Low
Oxoglutaric acid 0.26 0.65 High Low
1-Methylxanthine 0.26 0.60 High Low
L-Tyrosine 0.24 0.65 High Low
D-Pantothenoyl-L-cysteine 0.24 0.54 High Low
5-Methoxyindoleacetate 0.22 0.67 Low High
D-Glutamic acid 0.22 0.62 High Low
Saccharopine 0.22 0.56 High Low
Phytosphingosine 0.22 0.55 High Low
O-Phospho-4-hydroxy-L-threonine 0.20 0.61 High Low
Leukotriene A4 0.20 0.61 Low High
4a-Carbinolamine tetrahydrobiopterin | 0.20 0.59 High Low
N6-Acetyl-L-lysine 0.20 0.53 High Low
Guanidoacetic acid 0.20 0.51 High Low
Succinic acid semialdehyde 0.20 0.50 High Low
Aminoadipic acid 0.18 0.63 High Low
Vanillylmandelic acid 0.18 0.60 Low High
Methylimidazoleacetic acid 0.18 0.58 High Low
4-Guanidinobutanoic acid 0.16 0.58 High Low
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Linoleic acid 0.16 0.50 High Low
L-Arginine 0.16 0.47 High Low
N-Acetylneuraminate 0.14 0.59 High Low
Caprylic acid 0.14 0.54 High Low
5-HETE 0.14 0.51 High Low
Adenosine 0.14 0.49 High Low
13S-hydroxyoctadecadienoic acid 0.14 0.47 High Low
6-Hydroxyhexanoic acid 0.14 0.45 High Low
2-Oxoarginine 0.12 0.50 High Low
Benzamide 0.12 0.46 High Low
Sd Table 7. 32: Control vs stage 4 CKD
4 CKD Rank | Importance | Control | disease4
Freq.
D-Glutamic acid 0.9 2.223589 Low High
L-Cystine 0.88 2.175518 High Low
L-Arginine 0.82 2.209085 Low High
Hydrogen selenide 0.68 2.011935 High Low
L-Glutamine 0.62 1.963721 Low High
Ureidopropionic acid 0.6 1.964464 Low High
N-Acetylserotonin 0.5 1.890433 Low High
Guanosine  3'-diphosphate  5'- | 0.48 1.843676 High Low
triphosphate
4 CKD Rank | Importance | Control | disease4
Freq.
2-Naphthaldehyde 0.44 1.822429 Low High
3-Methoxy-4- 0.34 1.616176 Low High
hydroxyphenylglycolaldehyde
Imidazole-4-acetaldehyde 0.3 1.601219 Low High
Estrone sulfate 0.24 1.475653 High Low
Citric acid 0.2 1.475303 High Low
(R)-Salsolinol 0.16 1.399644 Low High
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Guanidoacetic acid 0.16 1.376794 High Low
Coumaric acid 0.16 1.33407 High Low
Hypoxanthine 0.16 1.215648 High Low
L-Cysteine 0.16 1.198632 High Low
Glycerophosphocholine 0.14 1.236709 High Low
Methylimidazoleacetic acid 0.12 1.382246 High Low
2-Phenylacetamide 0.1 1.247519 High Low
Gluconic acid 0.1 1.13544 High Low
Ciliatine 0.08 0.983867 Low High
5-Methyltetrahydrofolic acid 0.08 0.940347 High Low
Estriol-16-Glucuronide 0.06 1.096865 High Low
2-Hydroxynevirapine 0.06 1.091891 High Low
Polylimonene 0.06 1.070782 Low High
18-Hydroxycorticosterone 0.06 1.041318 High Low
2-Oxoarginine 0.06 1.023637 High Low
Testosterone glucuronide 0.06 0.879018 High Low
Coniferyl alcohol 0.06 0.834125 High Low
Ecgonine methyl ester 0.04 1.143317 High Low
L-Gulonolactone 0.04 1.133928 High Low
N-Didesmethyl-tamoxifen 0.04 1.082286 High Low
N-Glycolylneuraminic acid 0.04 1.038324 High Low
Asymmetric dimethylarginine 0.04 0.988203 Low High
Citrulline 0.04 0.967968 High Low
L-3-Hydroxykynurenine 0.04 0.90934 High Low
Vanillylmandelic acid 0.04 0.897084 High Low
3-Hydroxylidocaine 0.04 0.740177 High Low
Aniline 0.04 0.718843 High Low
Leukotriene A4 0.04 0.715969 High Low
2-Aminoacrylic acid 0.04 0.655704 High Low
1-Methylhistidine 0.04 0.592722 High Low
5-Methoxyindoleacetate 0.02 1.023511 High Low
Indoleacetic acid 0.02 0.970686 Low High
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Tetrahydrobiopterin 0.02 0.958142 High Low
4-Guanidinobutanoic acid 0.02 0.93374 High Low
L-Octanoylcarnitine 0.02 0.930072 High Low
Chondroitin 0.02 0.926819 High Low
4 CKD Rank | Importance | Control | disease4
Freq.
2-Keto-6-aminocaproate 0.02 0.919324 High Low
1-Methyluric acid 0.02 0.916114 High Low
Phenylacetic acid 0.02 0.911867 High Low
Riboflavin reduced 0.02 0.875014 High Low
Cysteinylglycine 0.02 0.839757 High Low
Anserine 0.02 0.771728 Low High
N-Acetylputrescine 0.02 0.746875 High Low
Chloral hydrate 0.02 0.706886 Low High
Diethylphosphate 0.02 0.687958 Low High
Succinic acid semialdehyde 0.02 0.631458 High Low
6-Hydroxyhexanoic acid 0.02 0.630982 Low High
Felbamate 0.02 0.627856 Low High
N'-Formylkynurenine 0.02 0.612704 Low High
2-Hydroxyfelbamate 0.02 0.558357 High Low
N6-Acetyl-L-lysine 0.02 0.551539 Low High
Sd Table 7. 33: Control vs unknown CKD
Unknown CKD Rank | Importance | Control | disease
Freq.
L-Arginine 1.00 3.25 Low High
Hydrogen selenide 0.96 2.39 High Low
D-Glutamic acid 0.86 2.13 High Low
L-Cystine 0.84 2.08 Low High
N-Acetylserotonin 0.80 2.06 High Low
Gluconic acid 0.78 1.91 Low High
Alpha-ketoisovaleric acid 0.76 1.96 Low High
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Hypoxanthine 0.72 2.06 Low High
L-Cysteine 0.72 1.89 High Low
Guanidoacetic acid 0.64 1.87 Low High
5-Methoxyindoleacetate 0.58 1.78 High Low
Benzamide 0.56 1.74 High Low
Guanosine 3'-diphosphate 5'-10.46 1.66 Low High
triphosphate
L-Carnitine 0.38 1.49 High Low
Imidazole-4-acetaldehyde 0.32 1.53 Low High
3-Methoxy-4- 0.32 1.51 Low High
hydroxyphenylglycolaldehyde
Methylimidazoleacetic acid 0.32 1.40 High Low
Ureidopropionic acid 0.28 1.38 Low High
Betaine 0.26 1.35 Low High
Chondroitin 0.20 1.33 Low High
L-Glutamine 0.18 1.29 High Low
Unknown CKD Rank | Importance | Control | disease
Freq.
Oxoadipic acid 0.18 1.17 Low High
15-Keto-prostaglandin E2 0.14 0.96 Low High
Oxoglutaric acid 0.12 1.13 High Low
N-(0)-Hydroxyarginine 0.12 1.10 Low High
L-Octanoylcarnitine 0.12 1.00 Low High
Riboflavin reduced 0.10 1.10 High Low
1H-Indole-3-acetamide 0.10 1.08 High Low
Polylimonene 0.08 1.02 High Low
D-1-Piperideine-2-carboxylic acid 0.08 0.95 Low High
4a-Carbinolamine tetrahydrobiopterin | 0.08 0.82 Low High
Indoleacetic acid 0.08 0.71 Low High
L-Leucine 0.06 1.13 High Low
Cysteinylglycine 0.06 1.03 High Low
Acetylisoniazid 0.06 0.97 High Low
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L-Tyrosine 0.06 0.96 High Low
Coumaric acid 0.06 0.95 Low High
(S)-3-Hydroxy-N-methylcoclaurine 0.06 0.81 High Low
Asymmetric dimethylarginine 0.06 0.81 High Low
6-Hydroxyhexanoic acid 0.06 0.59 High Low
L-Aspartic acid 0.04 1.00 High Low
cis-beta-D-Glucosyl-2- 0.04 0.98 Low High
hydroxycinnamate
Perillic acid 0.04 0.95 High Low
Adenosine 0.04 0.92 High Low
Formiminoglutamic acid 0.04 0.86 Low High
Perillyl alcohol 0.04 0.83 Low High
5-Methyltetrahydrofolic acid 0.04 0.70 High Low
Aniline 0.04 0.64 Low High
Tetrahydrocortisol 0.04 0.61 Low High
Diethylphosphate 0.02 1.09 High Low
3-Methoxy-4-hydroxyphenylglycol 0.02 0.94 High Low
glucuronide
Pyridoxal 0.02 0.93 High Low
5-Hydroxykynurenamine 0.02 0.87 High Low
N-Acetyl-L-methionine 0.02 0.86 High Low
N-Glycolylneuraminic acid 0.02 0.85 Low High
Glucosamine 0.02 0.81 High Low
2-Hydroxynevirapine 0.02 0.80 High Low
5-Hydroxy-L-tryptophan 0.02 0.78 Low High
13-L-Hydroperoxylinoleic acid 0.02 0.77 High Low
Estriol-16-Glucuronide 0.02 0.76 Low High
2-Phenylacetamide 0.02 0.75 Low High
4-Guanidinobutanoic acid 0.02 0.75 High Low
Unknown CKD Rank | Importance | Control | disease
Freq.
L-Lysine 0.02 0.75 Low High
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L-Gulonolactone 0.02 0.75 Low High
13S-hydroxyoctadecadienoic acid 0.02 0.73 Low High
Glutathione episulfonium ion 0.02 0.68 Low High
N6-Acetyl-L-lysine 0.02 0.65 High Low
2-Oxoarginine 0.02 0.63 High Low
Dihydrotestosterone 0.02 0.62 High Low
Adenosine monophosphate 0.02 0.61 High Low
N2-Succinyl-L-ornithine 0.02 0.60 High Low
3-Dehydroxycarnitine 0.02 0.55 High Low
18-Hydroxycorticosterone 0.02 0.53 Low High
Phytosphingosine 0.02 0.52 Low High
Estrone sulfate 0.02 0.48 Low High
5-HETE 0.02 0.48 Low High
1-Methyluric acid 0.02 0.45 High Low
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