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Abstract 

Background: Cardiovascular diseases contribute to approximately 37% of the 

noncommunicable disease related deaths. Africa has the largest burden of rheumatic heart 

disease affecting about 33 million people aged below 50 years.  Furthermore, the prevalence 

of degenerative aortic stenosis has been on the rise in sub-Saharan Africa which further 

complicates the management of valvular heart disease in these regions. The 

pathomechanisms leading to rheumatic heart disease and aortic stenosis pathology have not 

been fully understood.  

Study aims: Therefore, in this study we aimed to use metabolomics techniques to explore the 

metabolic biomarkers in patients with rheumatic heart disease and degenerative aortic 

stenosis patients undergoing valve replacement surgery. 

Methods: Whole blood samples were collected from matched rheumatic heart disease and 

aortic stenosis patients, as well as matched controls. Furthermore, valve tissue samples were 

collected from the rheumatic heart disease and aortic stenosis patients who were going 

through a valve replacement surgery at the Groote Schuur Hospital, Chris Barnard Division of 

Cardiothoracic surgery. Hematoxylin and Eosin staining was used to assess the 

histopathological features of the excised valve biopsies. Method development pilot 

experiments were performed to determine suitable parameters to use in the study. Metabolites 

were extracted from serum and valve tissues for untargeted metabolomics analysis using ultra-

performance liquid chromatography with quadrupole time-of-flight mass spectrometry and in 

situ biomarker localisation with matrix assisted laser desorption ionisation mass spectrometry 

imaging. Univariate and multivariate statistical analyses were used to explore metabolic 

changes, associations, and investigate area under the receiver operating characteristic curves 

of the potential biomarkers. Bioinformatics tools were used to explore the gene-metabolite 

interactions of the potential serum biomarkers. 
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Results: The histopathological assessment explored the frequency of the following 

histopathological features among rheumatic heart disease and aortic stenosis patients. Aortic 

stenosis was predominantly associated with features of calcification 8(80.00%) as compared 

to rheumatic heart disease 10(25.64%), p<0.01. In addition, it was observed that 

neovascularisation was mostly associated with rheumatic heart disease 24 (61.54%) as 

compared to aortic stenosis 3(30.00%), p=0.01. Furthermore, presence of vegetations and 

Aschoff bodies was solely reported among valve fragments obtained from rheumatic heart 

disease patients. Fibrosis was a histopathological feature commonly found among patients 

with rheumatic heart disease 30(76.92%) and aortic stenosis 9(90.00%) undergoing valve 

replacement surgery. Admixed features of chronic and acute rheumatic heart disease were 

reported on 59-year-old woman having aortic and mitral valve replacement surgery. The 

method development pilot experiments established suitable extraction solvents, liquid 

chromatography flow rates, and the feature extraction methods. After the pilot experiments, 

the untargeted metabolomics study of serum samples showed seven metabolites differentially 

expressed in rheumatic heart disease which were independent of patients’ baseline 

characteristics (covariates) and could differentiate rheumatic heart disease from healthy 

controls (AUC>0.7). Four metabolites could differentiate aortic stenosis from controls 

(AUC≥0.7).  Of the perturbed metabolites in rheumatic heart disease and aortic stenosis, 7-

HOCA and deoxycholate showed a moderate association with left ventricle ejection fraction. 

Furthermore, acylcarnitine and ketone bodies showed a correlation with left ventricular mass 

index in rheumatic heart disease and left atrial area in aortic stenosis patients. Elevated levels 

of cortisol were associated with the presence of valve calcification in rheumatic heart disease 

and aortic stenosis. Metabolomics of valve biopsies showed calcification, myxoid change, 

collagen deposition, and fibrosis had moderate associations with fatty acids, amino acids and 

derivatives, and bile acid metabolite classes in rheumatic heart disease and degenerative 

aortic stenosis patients. In addition, ventricular remodelling and function, aortic and mitral valve 

flow characteristics and measurements showed moderate associations with fatty acids, 

glycerophosphocholines, and amino sulphonic acid metabolites. Metabolites that correlated 
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with histopathological features were spatially localised on mitral and aortic valves using matrix 

assisted laser desorption/ionisation imaging mass spectrometry.      

Conclusion: The study suggests cases of chronic rheumatic heart disease admixed with acute 

rheumatic fever are very rare, however they should be considered in regions with a high 

prevalence of rheumatic heart disease. In addition, the study highlights the importance of 

method development pilot experiments especially in metabolomics studies. The metabolites 

altered in rheumatic heart disease and degenerative aortic stenosis not only associate with 

cardiac remodelling but also are involved in major energetic pathways, amino acids 

metabolism, and inflammation regulation processes. Moreover, rheumatic heart disease 

patients with single or double valve replacement, and degenerative aortic stenosis patients 

appear to have distinct metabolic signatures on the excised valve biopsies. The study also 

reports metabolites that associated with histopathological and transthoracic parameters of 

valvular heart disease in rheumatic heart disease and degenerative aortic stenosis. In situ 

localisation of some of the metabolites is also reported. 
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Chapter 1 

1 INTRODUCTION AND STUDY RATIONALE1  

1.1 Metabolic biomarkers in valvular heart disease 

Valvular heart disease (VHD) is the damage to some or all of the heart valves; the most affected 

valves are mitral (MV), aortic (AV), and pulmonary valves (PV). Valvular heart disease in Africa 

are mainly composed of rheumatic, degenerative, and congenital VHD.1 According to The Global 

Burden of Disease report, incidence rates of rheumatic heart disease (RHD) have been steady 

while the incidence rates of non-rheumatic VHD were shown to be on the rise between 1990 and 

2019.2 Central and sub-Saharan Africa is the most affected by incidences of RHD (29.40/100,000) 

as at 2017.2 There is also an increase in non-rheumatic VHD incidences reported between 1990 

and 2017.2 The most prominent non-rheumatic valve disease in sub-Saharan Africa are dystrophic 

aortic and mitral valve disease.2 

Repeated incidences of acute rheumatic fever (ARF) following pharyngeal infection with group A 

Streptococcus (GAS) are thought to cause RHD.3 GAS M proteins are thought to induce 

autoimmune reactions against  the host’s cardiovascular myosin, actin, tropomyosin and 

laminini.3,4 Genetic susceptibility has also been postulated to contribute towards pathogenesis of 

rheumatic valvulopathy.5 Degenerative valve disease mostly present as aortic stenosis due to 

dystrophic calcification or mitral valve regurgitation due to myxomatous degeneration.2 

Degenerative aortic valve stenosis (AS) and myxomatous mitral valve degeneration is caused by 

inflammatory pathways, advanced age, smoking status, and hypertension.2,6 In addition, 

NOTCH1, fibrillin-1 (FBN1), and filamin (AFLNA) genes mutations have also been associated with 

 
1This chapter is based on a manuscript:  
Mutithu DW, Aremu OO, Mokaila D, et al. A study protocol to characterise pathophysiological and molecular 
markers of rheumatic heart disease and degenerative aortic stenosis using multiparametric cardiovascular 
imaging and multiomics techniques. PLoS ONE. 2024;19(5):e0303496. doi:10.1371/journal.pone.0303496 
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the development of degenerative calcification and MV prolapse.7,8 As per the WHF and 2020 

ACC/AHA guidelines, the 2-D echocardiography with Doppler is the imaging gold standard for 

characterising RHD and degenerative valve disease patients.9,10 However, cardiovascular 

magnetic resonance (CMR) is increasingly important for diagnosis in cases where 

echocardiographic image quality is poor or where there is discordance between clinical finding 

and echocardiography. CMR provides a superior complementation in the diagnosis and 

characterisation of VHD patients based on its excellent image quality, unlimited acquisition 

window, flow quantification, and tissue characterisation.11 Despite the existing diagnostic 

techniques and known pathogenic mechanisms, it is challenging to diagnose asymptomatic 

patients and still much remains to be understood to adequately describe the pathogenesis of 

rheumatic and non-rheumatic VHD.12 There is therefore a need to develop diagnostic and  

pathophysiological biomarkers for early diagnosis and therapeutic targets. 

Current developments in biomarker research have contributed to the increased application of 

multi-omics techniques in health research.13 Metabolomics is one of the multi-omics techniques 

that has been used to characterise metabolic profiles in the common VHD such as degenerative 

and congenital valvular heart disease.14–17 Specifically, dysregulation of inflammatory processes, 

energy metabolism, amino acid, serotonin, and calcium metabolism have been associated with 

myxomatous mitral stenosis (MS) and mitral regurgitation (MR).17,18 Additionally, formate and 

lactate have been reported to be potential diagnostic biomarkers of degenerative MS and MR with 

a high AUROC, sensitivity, and specificity.18 Elevated levels of arachidonic acid has been shown 

to be a marker of worst outcome and reduced reverse remodeling post-valve replacement in 

patients with aortic stenosis.15 In summary, available reports show that metabolomics techniques 

could be used to describe metabolic patterns to explain pathological mechanisms and diagnosis 

of valvular heart disease. However, only a few studies have reported the dysregulation of 

metabolites in rheumatic heart disease, and none have compared metabolic profiles in rheumatic 
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and degenerative aortic stenosis. The study intended to explore the metabolic biomarkers in 

rheumatic heart disease and degenerative aortic stenosis using metabolomics techniques. 

1.2 Rationale for the study 

Africa is sitting in a precarious position when it comes to the diagnosis and management of valvular 

heart disease. RHD is endemic in most regions of African continent. Additionally, Africa has an 

aging population that positively correlates with an upsurge of cardiovascular disease (CVD) risk 

factors such as diabetes, hypertension, and obesity that mostly leads to development of 

degenerative AS.2  For effective diagnosis and management of RHD and degenerative AS, early 

diagnosis is vital and therapeutic targeting of the processes that lead to the worsening of the 

valvulopathy is key. Furthermore, the only proven management of VHD is valve repair or 

replacement surgery. In resource limited regions of the world including Africa, there is limited 

available diagnostic tools and access to valve replacement facilities is almost non-existent. 

Therefore, there is an urgent need to develop methods and techniques for early diagnosis to 

supplement the existing diagnostic methods.19 Further, there is need for research on potential 

pathways and processes as therapeutic targets to halt progression of rheumatic and non-

rheumatic VHD. Advances in multi-omics technology have shown the potential in biomarker 

discovery research especially on CVD. Specifically, advances in metabolomics techniques provide 

a suitable platform to use for biomarker discovery studies. Reported metabolomics studies on 

CVD have shown it to be a powerful tool for diagnosis, prognosis, and pathogenesis biomarker 

discovery. The role of metabolic pathways’ dysregulation in the progression of disease in other 

diseases have been extensively researched and identified diagnostic biomarkers and therapeutic 

targets. Currently not much research has been done to understand the impact of metabolic 

dysregulation on the pathogenesis of RHD and degenerative AS. 

This work was conceived in a near-perfect time and space for biomarker discovery studies in 

Africa. There was access to well curated biomaterials on emerging (degenerative AS) and 
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prevalent (RHD) and access to cutting edge technologies. The work was planned to explore 

circulatory biomarkers in patients with chronic RHD and degenerative AS and compared to healthy 

controls. The study also intended to investigate the relationship between circulatory and tissue 

specific biomarkers to inform the reliability of the circulatory biomarkers in describing valve 

metabolic changes. Further our research investigated trends of metabolic biomarkers between 

severe and mild VHD to establish the role of biomarkers in pathogenesis and progression of VHD.  
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Chapter 2 

2 LITERATURE REVIEW2 

2.1 Introduction 

2.1.1 Common types of valvular heart disease 

Classification of valve disease depends on the cause of the lesions. The most common types of 

VHD are; degenerative valve disease, congenital valve disease, RHD and valve disease due to 

cardiac traumas (Figure 2.1). In this study the focus was to understand the pathogenesis of RHD 

and degenerative aortic valve disease. RHD is highly prevalent in Africa and is one of the leading 

causes of mortality due to CVD.20–22 On the other hand, there has been a sharp rise in the 

prevalence of degenerative valve disease in Africa; probably attributable to the rising life 

expectancy.23 

Degenerative valve disease 

Despite not being common in LMICs, degenerative aortic valve disease contributes to more than 

80% of VHD in high-income countries (HICs) and low- and middle-income countries (LMICs).8,24 

Degenerative AS mostly progress covertly and most patients become symptomatic when they 

have severe stenosis or regurgitation associated with shortness of breath, syncope or angina.25 

Calcific aortic valve disease is caused by the activation of myofibroblasts, osteoblast differentiation 

and is accelerated in congenital valve defects such as bicuspid aortic valve (BAV).26 Further, 

cases of dystrophic aortic calcification have been linked to inflammation, advanced age, smoking 

and hypertension.8,27 As the valve’s endothelial layer loses integrity, lipid accumulation and 

 
2This chapter is based on a manuscript:  
Mutithu DW, Kirwan JA, Adeola HA, et al. High-throughput metabolomics applications in pathogenesis and 
diagnosis of valvular heart disease. Rev. Cardiovasc. Med. 2023;24(6):169. doi:10.31083/j.rcm2406169  
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migration of inflammatory cells contribute to progressive calcification, especially in calcific aortic 

stenosis which is shown to worsen over time (Figure 2.2).27 



7 

 
Figure 2.1. Common types of valvular heart disease showing their different aetiologies, their associated valvular and myocardial pathology, the 
diagnostics techniques, and the potential metabolomics biomarkers. Adapted from Mutithu DW, Kirwan JA, Adeola HA, et al. High-throughput 
metabolomics applications in pathogenesis and diagnosis of valvular heart disease. Rev. Cardiovasc. Med. 2023;24(6):169. 
doi:10.31083/j.rcm2406169.
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Figure 2.2. Pathogenesis of degenerative aortic stenosis. Created with Biorender.com.
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Mechanical stretching of the valve apparatus leads to the deposition of glycosaminoglycans and 

proteoglycans by the ventricular interstitial cells which is accentuated by the genetic 

predispositions and environmental factors. The high sheer forces on the valves could also be a 

contributor to degenerative aortic valve disease since they are predominantly reported on the left 

side of the heart. Genetics studies have identified single nucleotide polymorphisms (SNPs) at the 

lipoprotein(a) locus in patients diagnosed with calcific aortic valve disease.28 In addition, genetic 

perturbations in the NOTCH1, Fibrillin-1 (FBN1), Filamin (AFLNA) gene have also been 

associated with development of degenerative calcification.8,29 

Degenerative aortic valve disease is mostly diagnosed when it has progressed to stenosis. Using 

echocardiography, it is easy to assess valvular flow dynamics and valve morphology.25 Imaging 

techniques such as computed tomography (CT) or positron emission tomography (PET) have 

shown high resolution in non-invasive assessment of calcification at early stages.25,30 However, 

CT and PET are specialised tools that require special training and are not readily available in the 

LMICs. Thus, there is need for a simple and cheap tools for early diagnosis of valve disease.25 

Histologically, degenerative aortic valve disease is characterised by collagen degradation, 

mucopolysaccharide accumulation, elastic disruption, fibrosis and myxoid change. 

Rheumatic valve disease 

RHD is a chronic valvular condition ‒ a sequel of acute rheumatic fever (ARF).31 Recent systematic 

reviews and meta-analysis studies have reported RHD prevalence to be 1.7% to 14.67% –most 

of the studies are based in low- and middle-income countries (LMICs).32–34 In sub-Saharan Africa 

(SSA), the estimated prevalence of RHD is 4.6/1000 and 7.9/1000. Distressingly, it has been 

reported that cases of asymptomatic RHD are approximately 5 times more than symptomatic RHD 

(21.7/1000).22 Globally, RHD accounts for 1,426 disability-adjusted life-years (DALYs) per 1000 

individuals.20,22 Africa is among regions with high rates of disability-adjusted life-years which 

negatively affects the economic capacity of affected communities.35 The peak prevalence of RHD 
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is between 25-45 years which is as a result of recurrent ARF and delays in RHD detection.36 The 

prevalence of RHD is twice as much among females than males and most pronounced between 

the ages of 20-40 years37 (Figure 2.3). 

Rheumatic fever occurs after infection with group A Streptococcus (GAS) due to autoimmune 

response (Figure 2.3). Repeated autoimmune flares of the valvular epithelial surface proteins lead 

to valvulitis and collagen deposition.4 Pharyngeal infection and inflammation are followed by a 

latent phase of approximately two to three weeks before initial symptoms of ARF can become 

apparent.4 Group A Streptococcus M protein is the virulence factor which aids in host infection. 

The M protein is shown to share similar immunogenic epitopes with cardiovascular proteins such 

as myosin, actin, tropomyosin and laminin.31,38 Genetic susceptibility is an important factor in RHD 

pathogenesis. A significant association between RHD and human leucocyte antigens (HLA), TNF-

α, IL-4, IL-10, IL-6, IL-1RaVNTR, ecNOS4, TGF-α1, ACE and MBL2 have been predominantly 

observed in RHD cases.5,39 

RHD is predominantly a “left-sided” valvular disease most commonly presenting with mitral valve 

involvement and to a lesser extent, with aortic valve disease.21,36 Tricuspid and the pulmonary 

valve is frequent. Mitral regurgitation and mitral stenosis are the commonest lesions often 

diagnosed from the age of 10 years, and may progress to mixed mitral valve disease by the age 

of 20 years.36 Prevalence of aortic valve involvement in RHD proportionally increases with age.40 
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Figure 2.3. Pathogenesis of Rheumatic heart disease. Tonsillitis due to GAS infection, ARF and induction of immune reactions leading to Valvulitis 
and carditis. Chronic RHD characterised with Valve stenosis, regurgitation, left heart cardiomyopathies and heart failure, cardiac surgery, or 
mortalities. Created with Biorender.com.
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ARF has limited visible damage to the valves but at times may present with thrombi on the leaflets, 

oedema, and some form of chronic inflammation.41 Macroscopically, RHD presents with 

commissural fusion, calcification and thickened cusps.41–43 Mitral valve involvement in RHD 

presents with shortened and fused chordae tendineae and scarred commissures leading to 

“catfish mouth” features. Rheumatic aortic valves present with fibrosis and calcification of the free 

edges of the cusps. Histologically, RHD is characterised by neovascularisation, focal or diffused 

calcification, infiltration of eosinophils, lymphocytes, or plasma cells, presence of Aschoff bodies 

or markers of chronic inflammation.44–46 The Aschoff bodies are nodules composed of Anitschkow 

cells with a wavy nucleated cell termed as “caterpillar cells”. Aschoff bodies result from 

inflammatory lesions that healed through fibrosis, deposition of macrophages and collagen 

necrosis.31,47 Aschoff nodules are the classic markers of ARF and are mostly not observed in 

chronic RHD. It is mostly believed that there is limited inflammation during chronic RHD however 

presence of Aschoff’s nodules has been reported in RHD cases suggesting recrudesce of active 

ARF and myocarditis.48 

2.1.2 Diagnosis and management of valvular heart disease 

Generally, VHD is diagnosed with echocardiography, through assessment of valve anatomy and 

the haemodynamic parameters. In LMICs where access to healthcare is limited, most valvular 

disease is diagnosed when the patient is symptomatic.49,50 Transthoracic echocardiography is 

sufficient to diagnose VHD however, transoesophageal echocardiography, computed tomography 

and cardiovascular magnetic resonance (CMR) may provide additional information and may be 

helpful when transthoracic echocardiography is insufficient or not diagnostic.51,52 In addition, 

cardiac catheterisation can also be used for a detailed valvular lesion assessment.52 

Symptomatic management of VHD involves medical therapy, but definitive therapy is through 

valve repair, surgical valvular replacement, or via transcatheter aortic valve implantation. The latter 

options are expensive and not readily available to many patients in LMICs. Therefore, early 
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diagnosis and prevention of RHD is very important. Penicillin prophylaxis has been demonstrated 

to retard progression of RHD.53,54 

2.1.3 Metabolomics techniques 

Metabolomics is a systematic measure of intermediate small molecules and metabolism products 

in an organism, cell, or tissue. Metabolomics accounts for the effects of genetics, epigenomes, 

transcriptome, proteome, nutrition, gut microbiota, physical activities, and environmental 

exposures as factors affecting the organism’s metabolism55 Metabolomics holds greater potential 

in understanding tissue pathomechanisms.56 Metabolomics studies measure complex sample 

matrices hence an array of tools and techniques have developed to study metabolic 

dysregulations.57 Some of the common techniques and tools are: nuclear magnetic resonance 

(NMR), mass spectrometry (MS) and Fourier-Transform infrared (FTIR) spectroscopy.58–60 

Since the study is explorative and uses complex bio-samples, MS-based metabolomics 

techniques were used that have higher sensitivity as compared to NMR systems.61,62 MS identifies 

molecules based on variations of their molecular masses. The ions are separated based on their 

ion abundance and mass-to-charge ratios (m/z) after ionization, acceleration through vacuum and 

detection by analyser.56 Generally, mass spectrometry set up is made up of a means of sample 

pre-separation, sample introduction, ion source, mass analyser and a detector. 

Metabolites’ pre-separation techniques 

Samples are introduced into MS using pre-separation methods such as gas chromatography 

(GC)-MS, liquid chromatography (LC)-MS or direct injection techniques.63,64 GC-MS is often used 

on volatile analytes that can be vaporised without decomposition. In GC the mobile phase is a 

carrier gas and the stationary phase is a microscopic polymer or liquid on an inert support held 

within a column (Figure 2.4).56 LC-MS is the most common pre-separation method employed in 

metabolomics studies. LC setup has a liquid mobile phase and an inert solid stationary phase; 
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compounds are separated depending on their interaction with the two phases (Figure 2.5). Pre-

separation techniques where compounds are separated through interaction of polar mobile phase 

and the non-polar stationary phase is referred to as reverse-phase chromatography.63 Molecule 

separation in reverse-phase chromatography is based on hydrophobic interaction between the 

analytes and the stationary phase. The hydrophobic interactions are altered by gradually changing 

the polarity of the mobile phase from polar to organic.63 The chromatographic gradient alters the 

interaction of the analytes and the stationary phase that helps separate molecules based on the 

type of the mobile phase and the chemical-physical characteristics of the compounds.63,64 For 

example, isobaric compounds that have the same nominal mass but different molecular formula, 

may flow differently through the column particles for separation because they have different 

polarities based on the location of their functional groups.65 Likewise, some (but not all) isomeric 

compounds; they have the same nominal formula i.e. the same number of atoms but are arranged 

differently thus giving the molecules different chemical properties and are separated based on 

their different interactions with the phases. Effective separation of isobaric and isomeric 

compounds is determined by the column’s resolution. The resolution is affected by type of column 

particles, solvent type and flow rate, pH of the mobile phase, and column temperatures.65 

Resolution of a column can be improved by optimizing the gradient parameters of the LC setup.65 

After separation in the LC system the analytes are injected into the ion source and then into the 

mass analyser of the LCMS equipment.  
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Figure 2.4. Gas chromatography coupled to a time-of-flight mass spectrometer (GCMS) 

 

 

 

Figure 2.5. Liquid chromatography coupled to a quadrupole mass spectrometry analyser (LC-MS) 

Ionization techniques 

Ionisation ranges between soft and hard ionisation.66 Hard ionisation uses very high energy levels 

to fragment the sample and yields many low molecular weight fragments. Soft ionisation uses low 

fragmentation energy and yields fewer molecular fragments. Electrospray ionisation (ESI) and 
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matrix assisted laser desorption ionisation (MALDI) are soft ionisation methods while electron 

impact (EI) is hard ionisation, and chemical ionisation (CI) is considered moderate ionisation. For 

ESI, the analyte is forced through a charged capillary with the help of a nebulizing gas to produce 

charged droplets.67,68 Evaporation of the solvent causes the droplet size to decrease, and the ions 

are ejected due to charge repulsion. To remove the solution around the droplets, gas and heat 

are introduced into the ESI setup. Normally, small molecules emerge singly charged while larger 

molecules emerge with multiple charges. Electrospray ionisation is mostly coupled with LCMS 

techniques for analysis of peptides, proteins and non-volatile metabolites up to 6kDa.64,66,69 ESI is 

affected by chemical structure of the compound, pH, and composition of the solvent. Despite ESI 

being the most preferred mode of ionisation due to its non-disruptive nature, its performance is 

impeded by ion suppression/matrix effect and is highly sensitive to the type of solvent used.66 Ion 

suppression is complicated and challenging to deal with and there is currently no universal 

approach. However, several strategies have been incorporated into LCMS protocols aimed at 

keeping ion suppression to the minimum. Some of the common approaches are diluting the 

samples during reconstitution, protein precipitation, polar and non-polar phase extraction, 

switching ionisation modes, reducing ESI flow rate, optimization of column conditions, and use of 

column modifiers.70 Matrix-assisted laser desorption/ionisation method is also regarded as soft 

ionization. Ionisation in MALDI is achieved by shining a laser beam onto a solid mixture of matrix 

and analytes. The matrix is meant to absorb excess ionisation energy from the laser beam to 

induce ionisation with minimal fragmentation.71 

Mass analysis and detection 

The mass analyser is an integral component of the mass spectrometer where charged ions are 

separated based on their mass differences. Acceleration of charged ions through the analyser is 

determined by the mass-to-charge ratio (m/z), voltage potential along the analyser, magnetic field 

and the analyser’s mean free path. When the ions are exposed to an electrostatic field, the force 
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applied on them is explained by Coulomb’s law and it explains how the charged ions will be 

separated based on their mass/charge  (Equation 2.1).72 Some of the commonly used analysers 

are time-of-flight (TOF), quadrupole and orbitrap.72 

𝑭 =  
𝟏

𝟒𝝅𝜺𝟎
 
𝒒𝟏𝒒𝟐

𝒓𝟐                           (Equation 2.1) 

Where F is the electric force, 1/4πε0 is the Coulomb constant (k), q1 and q2 are the ions charges, 

and r is the distance of separation. 

Quadrupole mass analyser is also referred to as transmission mass analyser; it is made up of 4 

parallel rods placed in a radial array. The opposite rods are placed at opposing direct currents 

(DC) and an alternating-current (AC) is superimposed at specified radiofrequencies (RF).72 To 

select ions of specific m/z, the rods are put at specified DC/RF levels such that only the selected 

ion species will have a stable trajectory between the rods to reach the detector (Figure 2.5). 

Sequentially changing the DC/RF ratios allows ions of different m/z to be separated in space and 

time before reaching the detector.68,73 Depending on the type of experiments, quadrupoles can be 

operated in full spectrum scanning mode by placing the DC and RF at fixed ratios; where all the 

ions are detected. To operate on selected-ion-mode (SIM) the DC/RF setups are altered to remove 

ions with unstable trajectory and only allows ions with specific m/z to be detected.68 The 

quadrupoles can also work as ion-transporter when operated on RF-only mode; in this mode the 

ions are not preselected.72 Advances have seen the introduction of triple quadrupole MS 

instruments. Triple quadrupole technology is built on the single quadrupole in that there are 3 sets 

of quadrupoles: Q1, Q2 (collision cell) and Q3. Depending on the type of experiment Q1 and Q3 

can be operated as mass filters set on scanning or selected-ion modes. In the case of tandem 

mass spectrometry (MS/MS), Q1 is operated on transfer mode (data independent acquisition) or 

SIM (data dependent acquisition), Q2 as a collision/fragmentation cell and the daughter ions 

monitored in Q3 by scanning or selected-ion modes.72,74 Quadrupoles are high-resolution 
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instruments with mass resolutions going down to 0.1 Da and are best suited for targeted 

metabolomics applications.72 

Orbitrap analysers are based on Fourier transformation of the image currents of the ions and are 

regarded as a type of ion trap mass analyser.75 Altering the electric potential and the electric fields 

injects and traps ions within the electrodes due to inertia that maintains their elliptical trajectories 

and their motions depending on their m/z.68 Ions of the same m/z will have a harmonic axial motion 

around the inner core of the electrode. In the detector the ions oscillate around the spindle, and 

they form axial oscillations. The ions’ axial oscillation frequencies are detected as image current 

that can further be converted to the corresponding mass-to-charge ratio. Currently, orbitrap 

instruments are coupled to either a direct ions source, linear-ion-trap systems (LTQ orbitraps), or 

quadrupoles. Orbitrap instruments are most suited for untargeted metabolomics experiments 

because of its high-resolution capabilities. They are reported to have an ultra-high-resolution 

capabilities of over 1,000,000 for m/z 300-350 at 3 seconds thus achieving sub-1ppm mass 

accuracy.75,76 

Another common mass analyser is the time-of-flight (TOF) which is compatible with GC, LC, or 

direct injection systems. A typical TOF instrument has a grid at potential (V) for accelerating the 

ions, a field-free vacuum flight tube and the detector. The acceleration of the ions gives them 

kinetic energy which is proportional to the charge of the ions. In theory, the separation of the ions 

is determined by the product of their kinetic energy and the applied electrostatic energy as shown 

in Equation 2.2. To ensure ions of the same mass arrive together and the ions of different masses 

don’t arrive simultaneously on the detector and improve the quality of spectra, ion sources are 

pulsed.58,72,77,78 Time-of-flight instruments are coupled to a continuous ion source such as ESI or 

MALDI (Figure 2.5). The initial spatial spread of the ions at the initial time (t=0) determines the 

resolution of the TOF instrument.79 The flight tube resembles a tube that is kept at high vacuum 

and at opposite electric potentials and allows ions to migrate towards the ion detector. Ion species 
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are differentiated based on their differences in their flight time. To correct the spatial spread, TOF 

instruments are installed with a reflector (ion mirror) which uses an electromagnetic gradient to 

turn around the ion’s trajectory and lengthen their flight path. As mentioned earlier, Equation 2.3 

assumes that all the ions of the same mass receive equal kinetic energy, however in reality some 

ions of the same masses might receive different kinetic energies as shown in Figure 2.6. These 

ions with similar masses but different kinetic energy will have different velocities in the flight tube; 

the ions with less kinetic energy will fly slower. Therefore, to correct the difference, slower ions 

take a shorter path to turn around in the ion mirror as opposed to the faster ions. The differences 

in ions’ turn-round paths in the reflector ensures that the ions of similar masses arrive 

simultaneous at the detector despite differences in their initial kinetic energies (Figure 2.6).80 

𝑉𝑒 =  
1

2
 𝑚𝑣2                          (Equation 2.4) 

Where e is the charge of the electrons, v is the applied voltage, and m is the mass of the ions. 

 
Figure 2.6. Schematic illustration of the single-stage reflectron of TOF MS. (L, field free path length; Lm, 
length of ion mirror; Um, voltage applied across the ion mirror). Adapted from Hosseini S, Martinez-Chapa 
SO. Principles and mechanism of MALDI-ToF-MS analysis. Fundamentals of MALDI-ToF-MS Analysis: 
Applications in Bio-diagnosis, Tissue Engineering and Drug Delivery. Springer, Singapore. 2017:1-9. 

Quadrupoles have been coupled to TOF technologies (QTOF). A QTOF instrument has Q1 and 

Q2 quadrupoles; Q1 is operated on scanning or SIM mode while Q2 is operated as an ion-
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transport for MS1 experiments and a collision cell for MS/MS experiments.78 Currently Q-TOFs 

are reported to have resolutions of ≤ 70,000 at m/z 200 with a mass accuracy <3ppm.79,80 The 

unlimited mass range makes QTOF best suited for untargeted metabolomics. Further, multiple 

pulses accumulation generates enhanced spectra with low signal to noise ratio.72,74,78 

The detector measures the ions’ current as it is projected from the analyser. There are different 

types of detectors but most detectors work on the principle of amplifying the signal from the 

analyser.72,81 Commonly used detectors are discrete electron multipliers (DEM) or continuous 

electron multiplier (CEM) which are based on the arrangement of the multiplication surfaces being 

fixed (DEM) or not fixed (CEM). Further there is the dynode type detector which works by 

converting the received ions into opposite charge electrons. The amplification capability of the 

detectors’ surface gets depleted; thus, requiring frequent replacement (approximately every 2 

years).72,81 

Matrix assisted laser desorption/ionization  

The process of MALDI ionisation starts with ablation and desorption of the matrix-sample mixture 

by the laser beams’ irradiation. The matrix used in the MALDI is used to facilitate the soft ionisation 

by absorbing the excess the laser energy; it also charges the analyte by transferring the protons. 

Then, samples are either protonated or deprotonated by the ablated hot gases; the ionised 

molecules are then accelerated through vacuum and recorded by the ion detector.77,82,83 MALDI 

is typically suited to analyse peptides, proteins, and nucleotides of up to 500kDa and can be 

operated on both the negative and positive modes. MALDI ionisation efficiency depends on the 

type of matrix and molecules being ionised. A suitable matrix should have a strong laser 

wavelengths absorbance, not react with analyte, be soluble in solvents, and stable in vacuum.71 

For proteins ionisation, α-cyano-4-hydroxycinnamic acid (CCA) and sinapinic acid (SA) are the 

most used matrices.71,77 To ionise peptides, glycopeptides, glycolipids and metabolites below 

10kDa; 2,5-dihydroxybenzoic acid (DHB) has been reported as the most suitable matrix.71,77 The 
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main advantage of MALDI is that it does not require specialized pre-separation methods and can 

be used directly on thin tissue sections.77,83–85 MALDI MS imaging (MALDI MSI) has been used to 

establish spatial localisation of biomolecules on tissue sections. The techniques’ workflow 

includes tissue acquisition, cryosectioning and mounting on indium tin oxide (ITO) glass slides, 

matrix spraying, and laser scanning.82,83,86,87 High resolution images of the mounted sections are 

obtained and are co-registered with the tissue sections loaded into the MALDI equipment.84 

Rasterised laser scanning is conducted around the tissue following the registered marks (teach 

marks). If there are zones on the sections with different pathology, they would be registered as 

regions of interest (ROIs).84,87 Systematic directing of laser beams around the tissue collects 

spectra with m/z data that is then reconstructed to form the image. Using bioinformatics software 

and statistical methods, differential changes of m/z features can be established between ROIs or 

different tissue sections,86,87 (Figure 2.7). MALDI can be combined with haematoxylin and eosin 

(H&E) to establish high resolution images for localizing the m/z features of interest reconstruction 

(Figure 2.7).84 MALDI techniques are however limited since they do not have retention time 

dimension; therefore, losing resolution to distinguish isobaric m/z features.78 In addition, poor 

reproducibility of signal intensities and ion suppression are limitations associated with MALDI MS 

methods.74,78 The other important component of a MS setup is the mass analyser and detector. 
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Figure 2.7. MALDI MSI Workflow. (1) Isolation of tissues. (2) Thin Sectioning of tissues and mounting on 
ITO slides, (3) Spraying tissues with matrix (4) laser scanning in the MALDI instrument and capturing m/z 
spectra at each spot (5) reconstructing the m/z image to the spatial location of where it was detected to 
show ROIs. Adapted from Fujimura Y, Miura D. MALDI mass spectrometry imaging for visualizing In Situ 
metabolism of endogenous metabolites and dietary phytochemicals. Metabolites. 2014; 4(2):319-346. 

Data acquisition, pre-processing, analysis, and biomarker discovery 

There are established data handling pipelines specific for targeted and untargeted MS 

experiments. To make LCMS, GC-MS, or MALDI-MS raw data compatible with bioinformatics 

tools, several pre-processing steps are required including noise removal by smoothing, missing 

values (zeros) filtration, and baseline correction and they affect the number and quality of the 

extracted features. Then retention time drifts are adjusted using spectral alignment based on 

quality control samples or internal standards. To ensure that intensities are comparable between 

samples, sample-based intensity normalization is performed to remove the systematic errors or 

biases and experimental variation. Finally, a matrix data type with retention time, m/z values, and 

intensities is generated using peak detection and peak picking algorithms88 (Figure 2.8). 
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Figure 2.8. Mass spectrometry data analysis strategy for metabolomics experiments 

During statistical analysis, the data matrices for each test group are compared to determine 

differences. This is after ensuring the differences observed are not due to batch variations, sample 

handling, inefficient peak picking, or equipment systematic drifts. Due to the complexity and 

multidimensionality of untargeted metabolomics data, dimensional reduction methods are 

employed to extract potential biomarkers.89,90 Dimensionality reduction methods reduce the 

number of features (dimensions) while preserving the variance of the original data as much as 

possible to make it easy for visualisation, improve algorithms and models performance. Common 

dimensionality reduction methods in metabolomics are principal component analysis (PCA) 

(unsupervised) or orthogonal partial least square – discriminant analysis (OPLS-DA) 

(supervised).91 The main difference between supervised and unsupervised dimensionality 

reduction methods is that the supervised method is trained on the class labels while the 

unsupervised method reduces the number of variables without considering the class information. 

Further, to extract features that are different between groups, fold change (FC) analysis based on 

volcano plots are also applied.74,89,90 

Processing of MALDI MSI data is performed on several ROIs or between tissue sections by noise 

reduction, dimensionality reduction, and correlation analysis.87 Comparing the significant features 

against metabolomics spectral libraries helps with the identification/annotation of significant m/z 

features. The identification process considers fragmentation (MSMS) patterns of the precursor 

molecule; isotope patterns and adducts associated with the suggested feature.57,74,92 Development 
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of computerised pipelines such as open access pipelines (XCMS Online, MALDIquant, 

MetaboAnalyst, and MS-DIAL) or commercial pipelines (MassHunter for LCMS or SCiLS Lab for 

MALDI MSI) have made metabolomics data handling less laborious86,88,93–96 

2.1.4 Application of metabolomics biomarkers in valvular heart disease 

Several metabolomics studies have investigated metabolic biomarkers in VHD. Glycerophospho-

N-oleoyl ethanolamine, monoglyceride and phosphatidylethanolamines have been reported as 

suitable risk predictors of BAV.97 In addition, dysregulated levels of alpha-tocopherol and choline 

have been reported to distinguish asymptomatic bicuspid and tricuspid aortic valve individuals.98 

Furthermore, including alpha-tocopherol alongside biomarkers from other modalities including 

endothelial microparticles and C-reactive protein in an aortic valve morphology prediction models 

showed the best performance in discriminating symptomatic and asymptomatic BAV from TAV 

patients.98 In summary, dysregulation of fatty acids biosynthesis pathways and metabolites with 

antioxidant and anti-atherogenic properties have been reported as the discriminant features 

between congenital valve disease and healthy participants.97,98 Congenital and degenerative AS 

have been compared and dysregulation of arginine and proline metabolism pathways in a patient 

cohort with BAV and TAV prior and up to 7 days after transcatheter aortic valve replacement has 

been reported.99 One-year post-transcatheter aortic valve replacement of the BAV patients, 

upregulation of arachidonic acid metabolism pathway was associated with poor recovery based 

on the changes in left ventricular mass index.99 

Metabolomic biomarkers have been reported in degenerative valve disease such as calcific aortic 

stenosis and degenerative aortic valves. Upregulation of metabolites involved in inflammation 

(pyroglutamic acid and succinic acid) and ischemia (alanine) are reported as best predictors of 

calcific aortic stenosis using untargeted GC-MS metabolomics.100 Further, dysregulation of plasma 

amino acids groups related to urea cycle, branched amino acids and indicators of (NO)-associated 

endothelial dysfunction have been reported in calcific aortic stenosis.101 Long-chain acylcarnitines 
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have been reported as increased in patients with aortic stenosis before undergoing TAVR but were 

later decreased post-intervention.102,103 Furthermore, there were decreased levels of long chain 

phosphatidylcholines and increased levels of amino acids and biogenic amines in the aortic 

stenosis patients as compared to healthy controls, but the levels were reversed 6 weeks post-

TAVR.102 

To the best of my knowledge, there are few reported metabolomics studies investigating the 

pathogenesis, diagnosis or prognosis of RHD. RHD has a different aetiology from degenerative 

and congenital valve.4,38,49,104 Therefore, based on the reported performance of MS metabolomics 

techniques performance in the diagnosis of other valvular disease; metabolomics would help in 

understanding RHD. 

Metabolomics to study pathogenesis of valvular heart disease 

Few studies have studied metabolomics in RHD. Purine, glutamine, glutamate, pyrimidine, 

arginine, proline and linoleic metabolic pathways have been reported to be changed in RHD 

patients.105 Like other severe VHD, the amino acid metabolism and energetic pathways were 

affected in RHD patients. Vascular endothelial cells have previously been reported to be activated 

by linoleic acid metabolism which might suggest it promotes inflammation in RHD patients.105 It is 

known that RHD mostly affects mitral valves leading to MS or MR.21,36 Some studies have 

investigated metabolic profiles in mitral valve disease such as myxomatous mitral valve stenosis 

and regurgitation.17,18  Calcium metabolism, energy metabolism and inflammation are some of the 

biological processes that have been associated with mitral valve disease. Changes in amino acids 

associated with serotonin biosynthesis have also been reported in mitral valve disease which may 

suggest involvement of the serotonin autocrine signalling processes.17,18 Further, the 

dysregulation of serotonin levels and fatty acids may explain the increased rates of depression 

among VHD patients.106 
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Patients with AS have been reported to have changes in metabolites of lipids metabolism, alanine 

pathway, and immune response.100 Worsening of calcification have been shown to be directly 

proportional to inflammation; in fact, calcification is believed to follow similar processes as 

atherosclerosis.107 Some strong correlations between valve pathology, VHD severity, and clinical 

markers and metabolic biomarkers have been widely reported.15,101,108,109 While comparing mild-

severe CAS and severe CAS, lipid metabolism and biosynthesis have strongly been associated 

with severe CAS.110 To be specific, LysoPE, MG, and LysoPA showed the strongest association 

with CAS.110 In addition, aortic valve replacement (AVR) has been reported to affect nitric oxide 

(NO) synthesis, fatty acids, and tetrahydrobiopterin metabolism.109 In addition, the involvement of 

NO synthesis, tetrahydrobiopterin and oxidative stress processes in CAS further suggests 

pathogenesis similarity to atherosclerosis. The AVR interventions have been shown to reverse the 

levels of antioxidant metabolites, NO metabolism metabolites, and steroids.109 Such reversals may 

suggest that they are involved in the worsening of the valve pathology, or they may represent 

adaptive strategies to protect the heart or body from the consequences of heart failure. 

With regards to BAV, changes of metabolites mapping to glycine, serine and threonine 

metabolism, and taurine metabolism pathways were observed.14 While comparing stenotic BAV 

and tricuspid AV with and without dilatation, changes in alpha-tocopherol and choline pathways 

has been reported.98 The affected pathways suggest the role of inflammation, oxidative stress, 

and endothelial damage in BAV.98 In addition, metabolic patterns observed subsequent to valve 

repair or replacement can be used to associate their contribution to the worsening congenital and 

degenerative aortic valve pathology. Valve-specific differences in changes of metabolites 

associated with arginine and proline metabolism pathways before-TAVR and 7 days post-TAVR 

have been reported. Furthermore, arachidonic acid has been associated with poor 

haemodynamics outcomes post-TAVR.15 
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Metabolomics for valvular heart disease diagnosis and prognosis 

In RHD patients, some metabolites (caprolactam, N-acetylneuraminate, arachidonic acid, L-5-

hydroxytryptophan, D-pantothenic acid, and 4-nitrophenol) can differentiate patients from healthy 

individuals.105 MS and MR can be differentiated by changes in formate and lactate levels in RHD 

patients.18  

Exploration of plasma and urine metabolites can tell between AS patients from healthy 

individuals.111 In addition, the plasma biomarkers have been shown to be agreeable to those 

detected in urine after normalisation with creatinine.111 The candidate metabolites detected in 

plasma and in urine showed excellent biomarker performance in differentiating aortic stenosis 

patients from healthy controls.111 

Urine metabolomics of BAV patients reported glycine, hippurate, and taurine as being able to 

differentiate patients from healthy individuals.14 It is easy to work with urine since it does not 

specialised collection methods.14 In addition, serum glycerophospho-N-oleyl ethanolamine, 

monoglyceride, and phosphatidylethanolamine have been shown to differentiate BAV patients 

from healthy participants.112 In calcific BAV patients, changes in lipids and lipoprotein metabolism 

is associated with endothelial damage and inflammation. A recent study used random forest 

prediction model where alpha-tocopherol predicted aortic valve morphology or dilation of the 

ascending aorta in BAV patients when combined with endothelial microparticles (EMPs) and C-

reactive proteins (CRP).98 

Prognostic metabolites in valvular heart disease 

Metabolic biomarkers can be used to predict patients’ outcomes after valve replacement surgery. 

Changes in amino acids, biogenic amines, and glycerophospholipids have been correlated with 

aortic valve pathology changes in patients with high gradient aortic stenosis after valve 

replacement.113 Specifically, glycerophospholipids levels reversed post-TAVR towards healthy 



28 
 

control levels.113 Further, acylcarnitine, alanine and PCs showed strong correlation with changes 

in left ventricular ejection fraction (LVEF), left ventricular end-diastolic diameter (LVEDD), left 

ventricular mass index (LVMI), and left ventricular posterior wall thickness in diastole (LVPWd) 

after AVR suggesting that the metabolites would predict reverse remodelling.113 Long chain 

acylcarnitines have been reported as suitable predictors of LV reverse remodeling after AVR since 

long chain acylcarnitines (C16, C18:1, C18:2, and C18) were decreased in AS patients 24 hours 

post-AVR.103 Changes in arachidonic acid metabolism pathway post-TAVR, low hemodynamics, 

and poor ventricular function before-TAVR are associated with mortality.15 Arachidonic acid 

metabolism could also be involved in delaying ventricular reverse remodelling post-intervention. 

Arachidonic acid metabolism can be a suitable therapeutic target to facilitate decreased 

myocardial fibrosis and regained myocardial function.15 The reported metabolic biomarker with 

prognostic capabilities suggests that metabolomics can give us biomarkers that may guide 

treatment of VHD patients.114 

Limitations of metabolomics applications in valvular heart disease 

It is always challenging to apportion causation of circulatory metabolites with cardiac pathology as 

some of the metabolites could be indicators or epiphenomena of metabolic disturbances in other 

organs. Elevated levels of phosphatidylcholine have been reported in AS while it could also be 

associated with metabolic processes elsewhere.102 Further, metabolomics studies are not capable 

of determining functional consequences that would arise from therapeutically targeting specific 

metabolic biomarkers or pathways due to unknown supplementary pathways. Despite there being 

several biomarkers from omics studies, only a handful have found application in clinical practise 

due to low specificity and sensitivity.115 To avoid pitfalls of biomarker discovery in VHD, studies 

should be meticulously designed. Special attention is needed in patients and healthy controls 

selection, sample size, samples handling, and use of other molecular techniques to validate the 
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identified biomarkers. Further, correlation of circulatory metabolites to tissue-specific metabolites 

would provide closer evidence to their application in the pathophysiology studied. 

2.2 Study rationale  

It is evident that VHD is highly endemic in Africa and more alarming is the high prevalence of RHD 

in the LMICs. RHD is one of the leading cardiovascular related causes of mortality and morbidity 

among individuals aged below 50 years. There is also an increasing prevalence of degenerative 

aortic valvular disease due to increasing life expectance in the developing countries. It is 

challenging to detect early progressions of the VHD using the standard diagnostic tools and the 

challenge is compounded in regions with limited resources. VHD proceed covertly and only 

presents when almost irreversible cardiac damage has occurred; therefore, there is an urgent 

need to develop easy and affordable diagnostic tools for early diagnosis that can easily be 

deployed in resource limited regions. Metabolomic biomarkers can be used in combination with 

the current existing diagnostic tools for screening individuals suspected to progress with VHD. 

For most of patients diagnosed with VHD the only definitive intervention is valve, repair, 

replacement, or TAVR. However, there are no biomarkers that can be used to prognose outcomes 

or for risk assessment of patients who might end up with worst outcome post-intervention. 

Metabolic dysregulation assessment with metabolomics techniques provides a unique opportunity 

to understand the metabolic signatures associated with good or worse outcomes post-

intervention. 

2.3 Aims and objectives 

Hypothesis 

Metabolic profiling can diagnose and explain metabolic processes associated with RHD and 

degenerative aortic valvular disease progression.  
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Study aims 

This study aimed to investigate RHD and degenerative aortic valvular disease circulatory 

biomarkers for fibrosis, specific valve lesions, their spatial distribution, and metabolic changes on 

affected tissues. 

Objectives  

• Describe the histological features of valve fragments from RHD and degenerative AS 

patients and associate them with spatial localized metabolites. 

• Determine circulatory metabolic biomarkers with diagnostic capabilities and the associated 

pathways dysregulated in RHD, healthy controls, and degenerative AS. 

• Describe tissue-specific metabolic biomarkers and related pathways dysregulated in RHD 

and degenerative AS that may explain the aetiology of the observed valve pathology. 

• Co-localise the dysregulated metabolites on the valve tissues in patients with RHD and 

degenerative AS using MALDI-MSI.  
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Chapter 3 

3 STUDY METHODOLOGY 

This chapter forms a detailed explanation of the methods used in this thesis for the work presented 

in the subsequent chapters. 

3.1 Study design, study setting and recruitment 

3.1.1 Study design 

The study aimed to determine metabolic biomarkers that could classify RHD from degenerative 

AS, and healthy individuals (controls). The healthy participants were sex-, age-, and ethnicity-

matched. Blood samples and valve biopsies from chronic RHD and AS groups were collected 

during a planned open-heart valve replacement surgery. Control blood samples were obtained 

from healthy participants. The samples were categorised into RHD and AS groups based on 

histopathological features observed in H&E-stained thin sections of the valve fragments and 

clinical diagnosis by a qualified pathologist. Circulatory and tissue-specific metabolic biomarkers 

were analysed using untargeted metabolomics with a LC-MS/MS QTOF system. Further, 

colocalisation of histopathological features with metabolic biomarkers was performed on valve 

biopsies using MALDI-MSI (Figure 3.1).



32 
 

 

Figure 3.1 Schematic summary of experimental design. (RHD: rheumatic heart disease, AS: degenerative aortic stenosis, LC-MS/MS: tandem liquid 
chromatography mass spectrometry, MALDI-MSI: Matrix assisted laser desorption/ionisation mass spectrometry imaging, RTqPCR: reverse 
transcription quantitative real-time polymerase chain reaction) 
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3.1.2 Study setting  

Before recruitment of participants, the study was reviewed and approved by the University of 

Cape Town Faculty of Health Sciences Human Research Ethics Committee (UCT HREC 

approval reference number 574/2018 linked to 554/2017) (Appendix 1). All the participants 

had to read and sign the study participation consent forms before being recruited into the study. 

The participants were recruited from the Cardiac Clinic, Groote Schuur Hospital, Cape Town, 

who were booked to undergo valve replacement surgery in the Christiaan Barnard Division of 

Cardiothoracic Surgery, Groote Schuur Hospital, Cape Town. Valve fragments and blood 

samples were immediately processed and stored at -80°C at the Cape Heart Institute until 

analysis. The experiments were conducted at the Cape Heart Institute, Department of 

Medicine; Division of Molecular Pathology, Department of Pathology; UCT Pharmacology and 

Toxicology laboratory, Department of Forensic Toxicology, and the Hair and Skin Research 

Laboratory, Department of Medicine, University of Cape Town. 

3.1.3 Study population size and sampling 

A total of 106 participants (inclusive of the cases and controls) were recruited into the study, 6 

participants were later excluded after recruitment due to human immunodeficiency virus (HIV) 

infection, tuberculosis (TB) infection, infective endocarditis, or dilated cardiomyopathy. The 

patient cohort was subdivided into two subgroups i.e.; patients clinically diagnosed with RHD 

and those with degenerative AS based on transthoracic echocardiography (TTE) and CMR as 

per the World Heart Federation and American College of Cardiology/American Heart 

Association guidelines on the diagnosis of RHD and VHD.9,10,116 In addition, participants who 

were age-, sex-, ethnicity-, and comorbidities-matched and without any cardiovascular disease 

were recruited as healthy controls. Patients younger than 18 years and older than 80 years, 

with atherosclerosis, HIV infection, cardiomyopathy, congenital valve lesions, other 

inflammatory conditions, previous cardiac surgery or valve repair, and unable to consent were 

excluded (Table 3.1). 
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Table 3.1. Inclusion and exclusion criteria 

Inclusion criteria Exclusion criteria 

• Patients diagnosed with severe 

or rheumatic valve disease, 

calcific aortic valve stenosis as 

per Jones criteria 2015, WHF, 

and 2020 ACC/AHA guidelines 

• Patients aged 18-80 years 

• Patients with written informed 

consent 

• Patients with: 

-autoimmune inflammatory disorders 

-atherosclerosis, HIV infection, cardiomyopathies, 

congenital valve lesions 

-previous cardiac surgery or valve repair 

-aged <18 and >80 years 

• Patients unable to consent 

 

It should be noted that it is nearly impossible to determine a priori  the sample size required 

for untargeted metabolomics.117 However, this study attempted to estimate the sample size 

using G*Power118 (version 3.1.9.7); the sample size was estimated to be 13 and 27 in the two 

groups assuming normal distribution in the population: with an accepted significance level of 

less than 0.05 (p value<0.05). Multivariate studies mostly focus on the number of variables 

that will be significantly different given a certain sample size and with less emphasis on the 

effect size of the differences. Since the beginning of this PhD project, other tools for 

determining sample size and power while considering effect size of the multivariate changes 

have emerged.119–122 The allowed minimum fold change of the significant metabolites was >2 

which translated to an effect size (d=1.5), this was suitable to give an expected 95% power (1-

β).123 Although the estimations were thought sufficient to predict the desired sample size for 

economic and planning purposes, there are inherent limitations associated with using unimodal 

effect size and standard deviation estimations in multidimensional metabolomics dataset.117 

Haematoxylin and eosin-stained thin sections were used for histopathological confirmation of 

chronic RHD or degenerative aortic valve disease. The sections were reviewed by a qualified 

pathologist based on the presence or absence of classical RHD features; Aschoff bodies, 

inflammation, neovascularisation, vegetation, hypertrophy, fibrosis, or collagen deposition. 
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Valve leaflets without signs of chronic inflammation, fibrosis, and neovascularisation were 

classified as degenerative aortic valve disease.42,124 Periphery blood was collected from RHD, 

AS and healthy controls into VACUETTE® Z serum clot activator vacutainer 6ml tubes (Greiner 

Bio-One International GmbH, Kremsmünster, Austria) for serum isolation. In addition, 

periphery blood was also collected into VACUETTE® K3E K3EDTA vacutainer 9ml tubes 

(Greiner Bio-One International GmbH, Kremsmünster, Austria) to isolate plasma. The collected 

samples were immediately transported to the laboratory for further processing before storage. 

3.2 Sample collection, processing, and analysis 

3.2.1 Consenting and Samples collection 

The study was conducted in compliance with the 2013 Helsinki declaration. Consenting 

participants signed the informed consent forms, and they were thus recruited into the study 

(Appendix 2). After consenting, samples were collected from the participants as per the 

specimen collection standard procedures. During recruitment, the patient’s echocardiographic 

and CMR examination data, demographics (date of birth, weight, height, blood pressure, 

comorbidities, gender, and ethnicity), and sample processing logs were recorded in the 

recruitment/sampling checklist that was approved by HREC (Appendix 3). 

The non-fasting blood samples were kept at room temperature for at least 60 minutes before 

processing. Plasma and serum were isolated by centrifuging the blood samples at 2,000 g for 

15 minutes in a cooled centrifuge (4°C), then 500 µL aliquots of plasma and serum were 

obtained and stored at -80°C until analysis. Valve biopsies were collected after excision by the 

cardiothoracic surgeon or forensic pathologist. The valve biopsies were immediately 

transversely dissected perpendicular to the cut-edge (valve ring) and free edge of the cusps 

and aliquoted. The aliquots meant for H&E staining were immersed in 10% neutral buffered 

formalin (NBF) while the other aliquots were immediately snap frozen in liquid nitrogen and 

stored at -80°C until analysis. The H&E-staining analysis aliquots were stored in the 10% NBF 

until embedding in wax and the blocks were carefully archived until histology experiments. 
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3.2.2 H&E processing and histopathological classification 

Tissues for histopathological classification were processed for FFPE and H&E staining after 

being fixed with 10% normal buffered formalin at room temperature. Extreme care was taken 

to ensure that the tissues were always covered with an adequate amount of formalin. The 

fixative volume should be 5‐10 times of that of the tissue volume. Fixed tissues were trimmed 

into appropriate sizes and shapes to fit into the tissue cassettes. The Leica tissue processing 

machine, Leica TP 1020 (Leica microsystems Nussloch GmbH, Heidelberger Str., Nussloch, 

Germany) was used to process the tissues for 22 hours using a protocol for processing human 

tissues (Appendix 4). 

The tissue sections were cut at 3 µM thickness with the blade angle set at 3º. An ice tray was 

used to cool the blocks and enable sectioning of the tissues.  The sections were then picked 

up with forceps and floated onto a 40ºC water bath. These cut sections were mounted onto 

the surface of a clean microscope glass slide (Marienfeld, Lasec) and placed on a hot plate at 

60ºC for 10-15 minutes to bake. The slides were then hydrated by passaging through xylene 

to remove wax and cleared in graded alcohols (95%, 80%, 70%), followed by a thorough wash 

in tap water. Thereafter the slides were stained in Mayers haematoxylin for 10 minutes, washed 

in tap water and placed in ammoniated water for blueing. This was followed by staining in 

Eosin-Phloxine for 2 minutes, then washed with water. The slides were then dehydrated by 

passaging through 3 stages of graded alcohol and then into 3 jars of xylene. The microscope 

glass cover slip (Lasec) was then mounted using Entellan® mounting medium (Merck, 

Darmstadt, Germany). To assess the quality of the H&E staining the slides were viewed under 

the microscope. The formalin fixed paraffin embedded tissue (FFPE) blocks were appropriately 

stored until further analysis. 

A senior pathologist assisted with reviewing the H&E slides to investigate the morphological 

and histological features associated with RHD and degenerative AS. The histological reports 

were correlated with the medical history, echocardiographic reports, and cardiovascular 

magnetic resonance imaging results of the patients. 
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3.2.3 Sample processing 

To prepare samples for metabolomics studies, the serum aliquots from RHD, AS, control 

participants were thawed in ice. From each aliquot (RHD, AS, and controls) 50 μL was obtained 

and pooled into a larger aliquot that formed the pooled long-term quality control (QC) sample 

which was re-aliquoted into 1,000 μL aliquots and stored in -80°C. The blank samples were 

composed of HPLC-grade water. The thawed samples and the prepared pooled QC were 

consequently re-thawed in ice during metabolites extraction. All the sample handlings and 

processing were performed in biosafety level (BSL) 2 cabinets at the Cape Heart Institute 

laboratories. Metabolomics analysis with LC-MS/MS were performed in batches since all the 

samples could not be analysed in one run. 

3.2.4 Pilot experiments for metabolome extraction and analysis methods 

development 

To determine the extraction solvents, and the column settings to be used in this study, pilot 

experiments were conducted using both our in-house laboratory methods and those sourced 

from the literature. A small section of the samples was selected to use for the pilot experiments. 

The solvents and HPLC-grade water were obtained from Sigma-Aldrich unless otherwise 

stated. To prepare extraction solvents, different solvent combinations earlier used in our 

laboratory were tried i.e., 100% methanol, 100% acetonitrile, a mixture of methanol and 

acetonitrile (1:1v/v), and a mixture of methanol and ethanol (1:1v/v). To extract the metabolites, 

50 μL of the serum sample was mixed with 300 μL of each of the extraction solvent 

combinations. The mixtures were vortexed at high speed and incubated overnight in -20°C. 

The samples were then thawed and centrifuged at 13,000 g for 10 minutes. The supernatant 

was then transferred into 3 mL culture glass tubes and evaporated by blowing nitrogen gas 

into the tubes. The dried samples were reconstituted with HPLC grade water with 0.1% formic 

acid. The mobile phases were prepared as follows: A = HPLC grade water with 0.1% formic 

acid and 2mM ammonium formate, B = a mixture of 100% acetonitrile and 100% methanol 

(1:1v/v) with 2mM ammonium formate and 0.1% formic acid. The stationary phase was Omega 
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Polar C18 column (particle size 1.6 μm, pore size 100Å, length 10 cm, internal diameter 3 mm) 

(Phenomenex Inc., Torrance, CA, USA) that was operated at 40°C column oven temperatures. 

The metabolites were separated using a column gradient that was set to start at 2% B and 

increased to 100% B for 90 minutes. The flow rate was set at 0.7 mL/min for the entire duration 

of the gradient. The gradient settings used are detailed in (Table 3.2). The maximum pressure 

limits were set at 400 bar and the injection volume was set at 10 uL. 

Table 3.2. The pilot liquid chromatography gradient and flow program 

Time (min) B Conc (%) Flow (mL/min) 

1.00 0.0 0.7 

60 100.0 0.7 

70 100.0 0.7 

70.10 0.0 0.7 

90.00 0.0 0.7 

The triazine pesticide was used as an external standard where 10ng was mixed in 10% 

methanol mixed with distilled water (Sigma-Aldrich). To determine the suitable 

chromatographic settings, an in-house pesticide mixture was used for method development to 

determine the suitable settings to determine the suitable resolution of the molecules. The 

pesticide mix was used since it had a mixture of polar and non-polar compounds. To obtain 

the MS data, the information dependent acquisition method was used in the positive ionisation 

mode using X500R QTOF-MS/MS as detailed in the mass spectrometry sections later. The 

total acquisition time was 90 minutes, the total scan time was 0.9 seconds per scan, and the 

MS accumulation time set at 0.15 seconds and the MSMS accumulation time was 0.1 seconds. 

The mass range analysed was between 50 – 1,200 Da for both MS and MS/MS acquisition 

modes. The raw dataset files were converted to .mzXML format from the proprietary .wiff2 

format using ProteoWizard (version 3.0.1908) MS-Convert method as described later. 

Features extraction, annotation, and pathway analysis were performed in XCMSOnline 

(version 2.7.2), XCMS (version 1.47.3) and CAMERA (version 1.34.0). For feature detection 

parameters, the matchedfilter method was used, Gaussian-like peak shape full width at half 

maximum (fwhm) = 30 seconds, signal-to-noise-threshold (snthresh) = 2, maximum noise 
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cutoff ratio  (max) = 10, m/z steps for binning (step) = 0.1 m/z, steps = 2, m/z differences 

between bins used to classify features (mzdiff) = 0.01 Da. Retention time correction method = 

obiwarp, the step sizes in m/z to build the chromatogram profile (profStep) = 0.1 m/z. 

Features/peaks grouping was based on density, bandwidth filter for finding well behaved peak 

groups (WBPG) within a retention time (bw) = 2 seconds, m/z width of slices to classify features 

falling in the same retention time (mzwid) = 0.01 m/z, the fraction of samples per group where 

the peak must be detected to be accepted (minfrac) = 0.5 (50%), minimum number of samples 

per group (minsamp) = 1. Normalisation of the features was performed using a regression 

technique known as Locally Estimated Scatter-Plot Smoother (LOESS). The samples where 

the detected and accepted peaks were missing were filled using ‘fill peaks’ function that fills 

peaks based on if the peak was detected in other samples. The peak must have been present 

in at least 1 sample in a group to be filled as missing peak otherwise it was excluded from the 

data matrix. Features annotation was performed in CAMERA where the isotopes and adducts 

were annotated, m/z absolute error (mzabs) = 0.05 m/z, general ppm error (ppm) = 5 ppm, 

multiplier of the standard deviation (sigma) = 6, percentage of the FWHM width to use for 

retention time matching (perfwhm) = 0.6, maximum ion charge state (maxcharge) = 3, 

maximum number of expected isotopes (maxiso) = 5, general used intensity values = into. The 

putative identification was based on matching the experimental in-source MS1 and MS/MS 

fragments to the MS1 and MS-MS spectra in the METLIN database. The putative annotation 

was based on the following parameters: - ppm = 50; adducts = M+H, M+Na, M+K, M+Na-

(C12H22O11-H2O) (Appendix 6). The pilot experiments were meant to establish quantitatively a 

suitable extraction solvent to use in the study. It was also important to establish suitable data 

pre-processing, data processing, features putative annotation, and pathway analysis 

techniques and tools to use in the study. After optimising the settings for the equipment and 

the data processing parameters, then I performed metabolome extraction for the main study. 
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3.2.5 Study metabolome extraction from serum 

A metabolite extraction step was conducted on serum from samples (RHD, AS, and controls), 

a pooled QC, a solvent blank and an external standard. To prepare the external standard the 

NIST SRM 1950 human plasma reference standard was procured (National Institute of 

Standards and Technology, Gaithersburg, MD, USA). The samples were allocated at random 

to each batch. However, in each batch there was, on average, 3 RHD samples, 2 AS samples 

and 3 RHD samples. During batch preparation, there was 1 pooled QC, 1 external standard, 

and 1 blank that were extracted together with the samples. The pilot experiments had shown 

that a mixture of acetonitrile and methanol (1:1v/v) performed better as the extraction solvent. 

Therefore, to extract metabolites, 100 μL of samples, pooled QCs and external standards were 

added to 400 μL of ice-cold extraction solvent. In a batch, there were 2 pooled QCs and 2 

external standards that were injected alternatively every after 3 samples injections, in addition 

1 blank was injected at the start and the end of each batch (Figure 3.2).  

 
Figure 3.2. Schematic for batch design used in the LCMS/MS analysis of serum. QC-P = pooled sample, 
QC-S = external standard, B = Blank, S= Samples (RHD, AS, and HC) 

The mixture was vortexed at high speed for 2 minutes (Labnet International, Edison, NJ, USA). 

The samples were then centrifuged at 14,000 g for 15 minutes (Sigma Laborzentrifugen 

GmbH, An der Unteren Söse, Osterode am Harz, Germany) precooled to 5°C. The supernatant 

was dried and reconstituted in reconstitution solvent made of HPLC-grade water mixed with 

100% acetonitrile (98:2v/v) and modified with 1% formic acid or 1 mM acetic acid for positive 

and negative modes respectively (Appendix 2). The reconstituted samples were transferred 

into micro-inserts of 2 mL autosampler vials then loaded into the ExionLC™ AD Series UHPLC 

autosampler that was set at 15°C. The sampling speed of 5 μL/s and a needle stroke height of 

52 mm settings were used. The rinse settings were set to rinse for 2 seconds at a flow rate of 

35 μL/s with a rinsing volume of 500 μL and was set to rinse before and after aspiration. 
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3.2.6 Study metabolome extraction from biopsies 

Next, the biopsy tissues were extracted and analysed. To obtain the pooled QC sample for the 

valve biopsies, 20 mg was taken from all the samples (RHD and AS), mixed and homogenised 

by crushing them in liquid nitrogen until it formed a uniform powder. The homogenised pooled 

QC sample was then re-frozen until analysis. The samples were processed for metabolites 

extraction in batches where each batch was composed of cases (RHD and AS), pooled 

biopsies QC, pooled serum QC (long-term QC), and blank samples (Figure 3.3). To extract 

metabolites from the frozen valve biopsies, 40 mg of the tissue was added to 400 μL of the 

ice-cold solvent made of 100% acetonitrile and 100% methanol mixed in equal proportions 

(1:1v/v). To prepare the blank sample, only 400 μL of the prechilled extraction sample was 

added and processed as the tissue biopsies. In addition, the long-term QCs were extracted by 

mixing 100 μL of the pooled serum QC into 400 μL pre-chilled extraction solvent. After mixing 

the valve biopsies with the extraction solvent they were homogenised with a prechilled Omni 

Bead Ruptor 24 homogenizer (Omni International, Cobb Place Blvd, Kennesaw, GA, USA) 

using 0.6 g of 1.4 mm ceramic beads and homogenized for three times over 20 seconds at 

5,500 rpm with 30 seconds pause intervals while maintaining the temperature at 0 °C 

(Appendix 5). The extracts were centrifuged at 14,000 g for 15 minutes, the supernatant was 

dried and then reconstituted in the reconstitution solvent as stated earlier. 

 
Figure 3.3. Schematic for batch design used in the LCMS/MS analysis of tissue biopsies. QCLT = long-
term QC (pooled serum), QCB = pooled biopsies QC, B = Blank, S= Samples (RHD and AS). Created 
with BioRender.com.  

3.2.7 Chromatographic and mass spectrometry data acquisition  
To establish system suitability, the equipment was calibrated every day before commencing 

any experiments. Calibration was performed using 10 ng of the Sciex ESI positive and negative 

calibration solutions (Sciex, Framingham, MA, USA). The autocalibration method was used 

and the equipment was considered calibrated and ready for analysis when all the masses were 
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detected and within the preset mass window. In addition, the system was first equilibrated and 

purged with ethanol for 20 minutes and it was ensured that the back pressure was stable. The 

serum and biopsy extracts (samples, QCs, and standards) and blanks were injected 

systematically in all batches for extracts as stated earlier (Figure 3.2 and Figure 3.3). The 

blanks were used to later identify and subtract system contaminations while QCs were used 

for retention times’ normalisation and batch drift adjustments. On average each batch was 

composed of 15 injections that run for 60 minutes which translated to a batch length of 15 

hours. The samples were held in the ExionLC™ AD Series UHPLC autosampler that was 

cooled to 15 °C. The serum and tissue metabolite extracts for the entire project were analysed 

with reversed phase chromatography using ExionLC™ AD Series UHPLC system operated on 

Sciex OS software ver.1.4 (Sciex, Framingham, MA, USA). Separation was performed with 

Omega Polar C18 column with particle size 1.6 μm, pore size 100Å, length 10 cm, and internal 

diameter 3 mm (Phenomenex Inc., Torrance, CA, USA); operated at 40°C column oven 

temperatures. The mobile phase A was composed of HPLC grade water, while mobile phase 

B was a mixture of 100% acetonitrile and methanol (1:1v/v) both modified with 2 mM 

ammonium formate as final molarity and 0.1% formic acid (v/v) for positive mode. To acquire 

in negative mode, the mobile phase A and B was modified with 1 mM acetic acid. The mobile 

phases for both modes were run on a 60-minute gradient at a rate of 0.4 mL/minute. The 

gradient was allowed 2 minutes equilibration at 2% B, then the gradient was increased linearly 

for 45 minutes to 95% B, the gradient was held again for 2 minutes at 95% B before being 

decreased sharply to 2% B within 6 seconds, the gradient was then allowed to equilibrate at 

2% B for 2 minutes before being stopped (Table 3.3). The autosampler injection volume was 

5 μL/seconds set at 15°C with rinsing set at 2 seconds at 35 μL/seconds and the rinsing volume 

was 500 μL. The minimum and maximum backpressure was set at 0 bar and 400 bars, 

respectively. 
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Table 3.3. The study liquid chromatography gradient and flow program 

Time (min) B Conc (%) Flow (mL/min) 

2.00 2.0 0.4 

45.00 95.0 0.4 

47.00 95.0 0.4 

47.10 2.0 0.4 

60.00 2.0 0.4 

The LC-MS/MS data was acquired in positive and negative ionisation mode on a high 

resolution Sciex x500R Q-TOF mass spectrometer operated with Sciex OS software ver.1.4 

(Sciex, Framingham, MA, USA) with dual ESI ion source system. The data was collected using 

information dependent mode with a mass range between 50 – 1,200 Da with a resolving power 

of ≥ 40,000 (FWHM) at m/z 956 and mass accuracy of <5 ppm. The total duration was set at 

60 minutes with a total scan time at 0.6672 seconds with approximately 5355 cycles. Ion 

source gas 1 was set at 40 psi; ion source gas 2 was set at 65 psi and the temperature set at 

500°C. The curtain gas was set at 25 psi. To obtain the TOF-MS data, the ion spray voltage 

was set at 5000 V, CAD gas 7 and data obtained in profile format with a mass range of 50−1200 

Da. TOFMS accumulation time was 200 milliseconds, declustering potential 70 V, spread 0 V, 

collision energy 10 V, collision energy spread 0 V and data acquisition rate was 4 

scans/second. The TOF-MSMS data of the fragment ions was obtained in a data dependent 

format, the following settings were used; maximum candidate ion 7, intensity threshold at 50 

counts/seconds, mass tolerance of 50 mDa, ion spray voltage 70 V, target mass range 50 – 

1200 Da, accumulation time 60 milliseconds, declustering potential 70 V, declustering potential 

spread 0 V, collision energy 35 V, collision energy spread 15 V with Q1 unit resolution and 

data acquisition rate was 8 scans/second. The data was obtained in .wiff and .wiff2 formats for 

each batch and was stored in a secure device until processing and analysis. 

3.2.8 Mass spectrometry data pre- and post-processing 

After obtaining the raw data, it was further processed and analysed through a workflow as 

summarised in Figure 3.4. The data was pre-processed to convert proprietary .wiff files to open 

.mzML file format using an open-source MS-Covert in ProteoWizard (v 3.0.1908) software. To 
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reduce the size of the data files, the data was also converted from profile to centroid formats 

using the peak picking and the continuous wavelet transform (CWT) algorithms; the algorithm 

settings were MS level = 1 - ∞, minimum signal to noise ratio (min SNR) = 0.1, and the minimum 

peak spacing = 0.1.125,126  
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Figure 3.4. LC-MS/MS Metabolomics data processing and analysis workflow. (QC: Quality Control; m/z: 
Mass-charge ratio; PCA: Principal Component Analysis; PLS-DA: Partial Least Square-Discriminant 
Analysis; MS1: accurate mass; MS/MS: Tandem Mass spectrometry; RT: Retention time; AUC-ROC: 
Area under the curve-receiver Operator Curve) 

After conversion, the data was further processed to extract mzRT features using MS-DIAL (v 

4.38) which is an open-source metabolomics workflow software composed of peak detection 
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and spotting for feature extraction, alignment, and de-noising (Figure 3.4). The software was 

downloaded from (http://prime.psc.riken.jp/compms/msdial/main.html). The software was 

saved on the local computer meaning data did not need to be uploaded online. The software 

required pre-installation of .NET Framework 4.0, or the most recent version obtained from 

(https://dotnet.microsoft.com/en-us/download/dotnet-framework/net40). 

The workflow started with defining the data collection parameters; the MS1 and MS2  tolerances 

to integrate the MS1 and MS2 scans. To execute peak detection and smoothing, the minimum 

peak height and mass slice width were defined (Appendix 6). Peak picking was conducted 

after retention time smoothing which was based on linear weighted moving averages guided 

by the defined sigma levels. The linear-weighted-moving average algorithm was deployed for 

smoothing of the chromatograms which considered the retention time and the accurate mass 

of the samples. The peak detection was performed with 3 threshold values and a backtracking 

method i.e., first derivative and second derivatives that used the amplitude filter and the first 

derivative filter values. The two values were intended to evaluate noise which was obtained by 

5-point approximations.96 To detect the peak edge the amplitude and first order derivative had 

to exceed the amplitude filter and the second order derivative is negative. 

To generate the m/z features list, the algorithm considered all the data points of the base peak 

and assigned the scan number, retention time, the base peak m/z, and the intensity. To obtain 

the final spot also referred to as region of interest (ROI), the adjacent spots of the same m/z 

and retention time were combined and only the one with the highest intensity was picked 

(Figure 3.5).96,127 

https://dotnet.microsoft.com/en-us/download/dotnet-framework/net40
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Figure 3.5. Schematic description of m/zRT features matrix extraction based on regions of interest 
(ROI). (a) The predefined mass error that traces the chromatogram based on the detected mass 
intensities to build the corresponding chromatogram. (b) The distributed regions of interest with the same 
retention time but at different masses extracted for further analysis. Adapted from Tautenhahn et al. 
Highly sensitive feature detection for high resolution LC/MS. BMC Bioinformatics. 2008;9(1):504. 
doi:10.1186/1471-2105-9-504 
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A very low minimum peak height was used that ensured to detect even the lowly expressed 

features but at the expense of data processing time and noise. Noise was removed during 

statistical analysis as explained in detail later. The parameters for peak picking and m/z 

features extraction can be found in Appendix 7.  

Noise in the MSMS data was reduced using MS2Dec deconvolution algorithm that extracted 

MS/MS chromatogram, performed baseline correction, smoothing, extracted the model peak, 

and fitted the MSMS chromatogram peaks to the pre-extracted MS peaks. The algorithm 

required the segment value and the chromatogram band width, along with the median absolute 

abundance of the chromatogram that established the linear baseline correction that 

determined true peaks from pseudo peaks.96  

Following MSMS deconvolution, the peak alignment algorithm was executed for peak spots 

alignment. Peak alignment was meant to find the warping function to synchronize all the 

extracted peaks to a common retention time within all the samples.128 Peak alignment was 

important for downstream statistical inferences when comparing levels of potential biomarkers. 

The alignment was designed to correct the non-linear distortion of the chromatographic system 

to the individual features detected in each sample. It assumed that similar molecules would 

behave the same in the chromatogram and any distortions in their retention times is due to 

systematic variations. 

The peak alignment was performed in 4 steps i.e. (1) constructing the reference table, (2) 

matching each sample peak table to the reference table, (3) filtration and (4) filling-in the 

missing values.96 To construct the reference peak table the algorithm used the pooled QC 

samples as the reference file based on the defined RT and MS1 threshold values. To assign 

each sample peak to the reference peak table the algorithm used the weighted preferences 

(RT factor and MS1 accurate mass factor) on whether to use RT or the MS1 while adding an 

extracted sample peak to an aligned peak group. 
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The algorithm interrogated each feature at a time and compared it with the corresponding peak 

extracted in the reference sample. If the queried feature could not be aligned to a feature in 

QCs and not found in any other samples, it was deleted to avoid unnecessary features. After 

successful alignment, the algorithm generated an alignment ID, average retention time, 

average m/z, and the intensities of the m/zRT features. Aligned features that were missing in 

some of the samples were filled by linear interpolation using the average retention time, 

average m/z and the average intensity of the preceding and succeeding detected features128  

The blank samples were analysed, and the algorithm provided an option to filter unwanted 

features based on the blanks. Features were removed if they had an intensity which was more 

than 5-fold-changes between samples and blanks. Further filtration was done based on the 

frequency of missing values in the aligned feature within sample groups and/or generally within 

the whole dataset as detailed in Appendix 7.  

It was impossible to run all the samples in one batch thus samples were analysed across 

multiple batches. Batch drift analysis and correction was performed using LOWESS 

normalisation based on the pooled QC samples. LOWESS is a nonparametric model suitable 

for predicting the fitted curve. The drifts in RT and intensities were assumed to be non-linear, 

thus a nonparametric method was the most suitable for drift correction. During batch correction, 

it was important to provide the LOWESS span which is the number of data points to be 

considered in the predicting of the curve. It was accepted by default to use a span setting of 

0.75; if a small span was used there was insufficient data points which resulted in huge 

variance; if too large a span was used; the regression was over-smoothed and resulted in data 

loss. In cases where the nonlinear regression methods were not appropriate for batch 

correction, linear methods (ComBat, QC-RLSC, ANCOVA, or Eigen-MS) were used as 

explained in section 3.2.9 of this thesis. For more details on the parameters used in this work 

for data pre-processing on positive and negative modes, refer to Appendix 7. 
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3.2.9 Statistical analysis and metabolic features discovery 

MetaboAnalyst was used for statistical analysis to extract important m/z features; the software 

is available at (https://www.metaboanalyst.ca/home.xhtml).95,129 MetaboAnalyst is an open-

source web-based bioinformatics platform for metabolomics data analysis. To identify 

discriminant metabolites the marker/peak list from MS-DIAL was prepared from the aligned 

features with all the QCs and samples. At first, data integrity checks were conducted i.e., batch 

effect analysis and missing values. In cases where the non-linear regression batch correction 

methods were not appropriate the QC samples were processed for batch drift analysis using 

batch effect correction module in MetaboAnalyst. The module used ComBat, QC-RLSC, 

ANCOVA, or Eigen-MS methods which were automatically selected based on the method 

giving the least distance between samples after correction.89,95 In addition, the relative variation 

(CV) of the extracted features was analysed based on the QC samples. Missing values were 

also checked however in MS-DIAL, the filtration step had removed variables missing in more 

than 50% of sample group and 23% overall samples. The missing values that remained were 

filled with a small non-zero value (1/10 of the minimum peak area).96 

Further, data normalisation was performed to remove systematic bias and ensured data 

consistency so that groups were comparable for easy down-stream statistical and biological 

analyses. The algorithm offered 3 normalisation options i.e., row-wise (sample) normalisation, 

data transformation, and column-wise (variable) scaling. In this work, row-wise normalisation 

by sum was used. Normalisation by sum is based on a mathematical model that forces the 

intensities of each experimental run to be equal which is similar to total ion chromatogram 

normalisation.130 The data was not transformed but column-wise scaling was performed using 

either auto-scaling algorithm or the range scaling where the variable’s intensity was centred 

around the mean and divided by the standard deviation or  mean-centred and divided by the 

range of each variable, respectively. Since there is no agreement on the suitable normalisation 

and scaling methods, the effectiveness of the normalisation was investigated by visual 
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inspection of the Gaussian distribution of the normalised data.129 The samples and variables 

distribution had to form a bell-shaped Gaussian curve as a sign of successful normalisation. 

To discover markers associated with RHD and degenerative AS, univariate statistics tests such 

as student’s t test, fold change, and volcano plots were used to explore differential levels of 

the detected m/zRT features. Further, multivariate statistics tests such as PCA and PLS-DA 

were used for dimensionality reduction to extract highly influential markers. 

PCA was used for visual assessment of data sets to determine the relative differences between 

groups. In addition, PLS-DA was used to determine discriminant features; PLS-DA is a 

supervised dimensionality reduction technique that extracts variables contributing to the 

differences in the studied groups. Features contributing the most to the separation of groups 

(discriminant features) were extracted based on the weights of the PLS-DA loading scores. 

From the PLS-DA, important features were selected based on their variable importance in 

projection (VIP) scores. The VIP scores were based on the weighted sum of squares of the 

PLS-DA loadings. The VIP scores accounted for the y-axis variance of each component i.e., 

the extent of separation that the variable contributes to the separation of the groups along a 

specific component. The VIP was also based on the sums of the PLS-DA regression 

coefficients i.e., how the variables better predict separation of the groups analysed. PCA and 

PLS-DA despite being powerful tools for dimensionality reduction in multivariate data, they 

have limitations; PLS-DA specifically is based on mathematical model projections that are 

prone to overfitting. To ensure stability of the model, cross validation of the model was 

performed that measured the sum of squares between predicted data and the original data; by 

cross validating the sum of squares captured by the model, the algorithm provided a predictive 

relevance value (Q2). PLS-DA models with very low or negative Q2 were considered overfitted 

and invalid to explain differences between groups.131 The stability of the PLS-DA model was 

also validated using the permutation test technique.95,129 In this work, the aim was to find 

features/biomarkers that were different between groups. Therefore, PLS-DA was used to 
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visualise general group differences, but univariate analyses was used to determine 

differentially expressed features/markers. 

To extract discriminant features between groups, univariate 2-sided student’s t test and 

analysis of variance (ANOVA) were used to test significance levels, while the magnitude of 

dysregulation was assessed using fold change (FC) which was visualized using volcano plots. 

P values of <0.05 were considered significant. Further, a heatmap with hierarchical clustering 

was used to visualize dysregulation trends. Hierarchical clustering assessed distance between 

variables in different groups. The algorithm assumed that all the variables were separate 

clusters then it bonded the clusters step-by-step into bigger clusters. In each step, it bonded 

each of the closest pairs to the source cluster. The process of clustering was repeated until 

only one cluster could be built by the next step leading to the formation of a hierarchical tree. 

The distance between clusters/vectors and their similarities were determined by Pearson’s 

correlation based on the principle that the more similar the vectors/variables are the stronger 

is their correlation coefficient and thus the closer the distance.132 To determine the inter-cluster 

distance between two clusters, cophenetic distance was computed using averaged-linkage 

clustering method.95,132 When the variables are grouped together into clusters, their trends are 

further investigated by their differences in intensities and how they vary between study groups 

and color-coded for easy visualization with heatmap plots.95 

The significant m/z features and those showing interesting trends from the heatmap plots were 

considered and added to the marker list. The selected m/z features were further processed for 

annotation by MS/MS, MS and isotope matching to publicly available human metabolome 

databases using GNPS feature based molecular networking133 and CUE mass mediator 

tools.134 

3.2.10 Metabolite annotations 

Annotation of the extracted features was based on accurate masses, retention time, and the 

isotopic pattern matching with publicly available MS/MS databases such as, but not limited to: 
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MassBank, PubChem, METLIN, HMDB, NIST. To expand the number of identified features, 

annotation was also based on features’ accurate mass (mass error ±10 ppm) and adducts 

formation ([M+H], [M+2H], [M+Na], [M+K], [M+NH4], [M+H+NH4], [2M+H]) and ([M-H], [M+Cl], 

[M+HCOOH-H], [M-H-H2O] for +ESI and -ESI respectively using CEU Mass Mediator (CMM) 

software. The software also took the retention time data, but it was not used in scoring the 

putative annotation of the queries. After the putative annotation, the annotated compounds 

were manually inspected to rule out false annotations. The two strategies of metabolites 

annotation met Metabolomics Standards Initiative (MSI) levels 2 and 3 classification 

guidelines.135 MSI level 2 classifications required probable structure description through 

literature and/or library or database matching of fragmentation spectra pattern.134,136 The MSI 

level 3 putative characterisation required unique matching of the parent ion data through 

literature search and/or libraries and databases.134,136 

To annotate the important features, GNPS feature based molecular networking algorithm was 

used to annotate them to MSI level 2. The annotation was based on matching the experimental 

mass, isotopic ratios, MS/MS fragmentation patterns, and fragment intensities to the reference 

spectra libraries. The similarity scores were based on the 0-1 range where 0 = no match and 

1 = perfect match. The similarity matching assumed that experimental and theoretical values 

followed a normal Gaussian distribution using predefined sigma value to compare expected vs 

observed values. 

To obtain the isotope ratios matching, the reference library needed to have molecular formula 

where the theoretical isotopic classification could be derived using the McLaurin expansion. 

The MS/MS spectra similarity matching used the dot-product and reverse dot-product cosine 

values.137–139 The dot product algorithm compared the experimental spectral data (vector 1) 

and the library spectrum data (vector 2) and the vector magnitude to obtain the dot-product 

similarity score. The cosine of the angle between vector 1 (dot) and vector 2 (product) was the 

dot-product value that indicated the measure of vectors similarities. The angle between 

identical vectors was 0° which translated to cosine = 1; a dot-product of 0 or 1 meant not similar 
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in direction or magnitude or perfect match in direction and magnitude, respectively.137–139 

Identical molecules have identical spectra with similar mass intensities therefore their vectors 

coincided. The reverse dot-product matching algorithm omitted peaks that did not match to the 

library to improve the matching scores. To minimize chances of false identification, annotation 

was limited to features with a minimum of 4 fragmentation peaks. In the GNPS environment, 

to improve the success of positive identification of unknown features, molecular networking 

algorithm was used.137–139 

The molecular networking algorithm performed a pairwise spectra similarity matching where 

each MS2 experimental spectra was compared to each other; similar MS2 spectra were 

grouped together to form a network. The algorithm then used the m/z changes between 

neighbour spectra to build molecular networks based on the assumption that structurally 

related molecules would have similar MS2 fragmentation patterns after ionization (
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Figure 3.6).133,137,140 The MS2 spectra were aligned to each other in the dataset, the cosine 

score was assigned to describe their similarity. To create a node, identical spectra were 

grouped into one node or into a cluster based on the similarity scores of their ion fragments 

using the MS-Cluster algorithm.133,140 Related molecules exhibit similar MS2 fragmentation 

patterns, and the algorithm would use their similarities to create network edges.133,140 After the 

clustering and networking, the consensus spectrum was queried against the spectra library 

database and assigned a putative annotation and a cosine score. With the feature based 

molecular networking, the unknown nodes in a cluster were tentatively annotated by 

interrogating the mass shifts from the putatively annotated node within a direct edge.133,140 
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The important m/z features that could not be annotated for MSI level 2 were considered for 

annotation in level 3. MSI level 3 annotation was performed with CEU Mass Mediator; a web-

based metabolomics annotation software available from http://ceumass.eps.uspceu.es/.134 

The software performed experimental mass matching based on approximately 122 rules 

summarised into: ionization, adduct formation, relationships of the different adducts to the 

primary metabolite, and the retention times.134 The software mathematical model scored the 

experimental masses’ similarities to the reference molecules in the publicly available 

databases i.e., HMDB, KEGG, LipidMaps, MINE, KNApSAck and inhouse libraries.134 The 

retention time and ionization matching were applicable to lipids and fatty acids while accurate 

mass and MS1 composite spectra characteristics were used to annotate non-lipid metabolites. 

The similarity scores from the algorithm ranged from 0-2. A similarity score of 2 showed strong 

evidence to support the characteristic matches of the annotated metabolite, 1 meant not 

enough evidence to refute or accept the characteristics matched the annotated metabolite, and 

0 suggested there was enough evidence to reject matching characteristics of the annotated 

metabolite. Further, the software provided the respective database unique identifiers of the 

putatively annotated metabolites.134,141 The annotated metabolites were manually curated to 

ensure fully formed peaks were annotated and processed. 

http://ceumass.eps.uspceu.es/
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Figure 3.6. Molecular networking scheme. Starting from acquisition of the experimental spectrum to 
creating a molecular network. Adapted from Aron et al. Reproducible molecular networking of untargeted 
mass spectrometry data using GNPS. Nat Protoc. 2020;15(6):1954-1991. 

To reduce chances of identification and annotation of spurious features, the annotated 

metabolites were manually curated to ensure they originated from an observed molecule. In 

MS-DIAL, the aligned features were evaluated to assess the accuracy of peak picking by 

examining extracted chromatogram. Peak picking was considered successful if there was 

evidence of co-elution of the extracted chromatogram in the samples. It was assumed 

metabolites with similar characteristics i.e., molecular weight and molecular formular tend to 

co-elute. The molecules could have different intensities in the different study groups but had 

similar peak shapes after peak picking and alignment. Use of peak shapes for curation had 

significantly been shown in other studies to reduce chances of false discovery in untargeted 
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metabolomics.142 There were computational tools meant to filter out noisy and non-aligned 

features however it is difficult to design automated parameters adaptable to the variabilities of 

the data; I therefore resorted to manual evaluation of the peak shapes. In untargeted 

metabolomics there is need to come up with an intricate balance between statistical 

significance and biological relevance. It is important that studies do not process noisy features 

and that one does not remove features with biological relevance especially those with low 

levels. 

3.2.11 Functional analysis 

To determine the biological relevance of the identified biomarkers a combination of pathway 

enrichment analysis (over-representation) and pathway topology analysis was performed 

using MetaboAnalyst pathway analysis.143 The over-representation test used a hypergeometric 

test to determine if a group of metabolites would be represented in each group of molecules 

by chance. According to metabolites set analysis (MSEA), a “set” comprises metabolites 

sharing a biological process i.e., those that change together in a disease condition or which 

are always found in the same tissue.144 MSEA used a global test algorithm due to its flexibility 

in p-value estimation in small and large sample sizes calculated from Q-stats asymptotic 

distributions. The metabolites’ library was obtained from Kyoto Encyclopaedia of Genes and 

Genomes (KEGG) through computational mining or manual curation.129,144 MetaboAnalyst 

MSEA is reported to have a library set of ~2,000 human metabolites from literature and public 

databases associated with pathways/diseases or tissues.95 The library can be searched using 

unique IDs or common names of the query metabolites. The query data was formatted to have 

metabolites’ unique identifiers. The pathway analysis function used globaltest and 

GlobalANCOVA algorithms for pathway topology analysis using the degree of centrality or 

betweenness of functionally related metabolites.143 The degree of centrality measures the 

number of connections that one metabolite has with other metabolites while betweenness 

centrality measures the shortest path going through the metabolites of interest. The output 

from the analysis showed a graphical representation based on the p-value and the pathway 
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impact value of specific metabolite sets. Important pathways were those with the lowest p-

values and the highest impact. 

To further elucidate the relevance of the identified metabolites, I conducted gene-metabolite 

interaction using Metabridge (https://www.metabridge.org/) and network analysis module in 

MetaboAnalyst.95,145 A list of annotated metabolites was processed into corresponding HMDB 

or KEGG IDs. The list was uploaded into the Metabridge where the IDs were mapped to the 

corresponding human KEGG IDs, further the software identified all the reactions associated 

with the submitted set of metabolites. Further, the genes that coded for the enzymes 

corresponding to the mapped pathways were generated, tabulated, and downloaded.145 The 

list with the metabolites, and human gene names was used to perform gene-metabolite 

interaction networking to visualize the interactions of the submitted metabolites and genes 

using the KEGG orthologs (KOs).95 The metabolites and genes referenced for mapping were 

obtained from STICH ('search tool for interactions of chemicals') with high confidence 

interactions. The algorithm mapped the metabolites and genes (seeds) onto networks with 

direct neighbours; the networks were further built to create large subnetworks. The generated 

subnetworks could then be viewed using the visualization panel. Important nodes (metabolites 

and/or genes) were determined based on their position in the network. Nodes that were 

centrally located in a network were more important than the marginally positioned nodes. 

Important metabolites and genes were tabulated based on the global structure by ranking them 

based on their node degree and node betweenness which referred to the number of links a 

node had with other nodes and the number of shortest paths that went through a node, 

respectively. To derive functional insights from the gene-metabolite interactions, the important 

nodes were selected, and enrichment analysis conducted with the gene ontologies (GO) and 

the biological processes (BP) associated with the set of the selected nodes. Hypergeometric 

tests were used to determine the significance levels of the associated GO:BP queries.95 The 

mapped GOs, metabolites and the associated biological processes were exported in tabular 

format with their degree, betweenness centrality, and p-values. 

https://www.metabridge.org/
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3.2.12 Diagnostic biomarkers analysis using AUC-ROC 

I sought to test the capabilities of the significant metabolites to differentiate between RHD, HC, 

and degenerative AS. The potential diagnostic biomarkers were analysed using area under 

receiver operator characteristics (AUC-ROC) model.146 The ROC had been used for 

diagnostic, prognostic, and predictive analysis of metabolites investigated for application in 

biomarker studies.14,98,109,112,147 The ROC analysis was considered robust since its 

performance was not affected by the sample size, prevalence of the variables nor the normality 

of distributions. The ROC model used a set of biomarkers to accurately predict the sample 

groups as compared to the actual groups of the sampled population. The model performance 

was based on the sensitivity (proportion of actual positive cases classified as positive) and the 

specificity (actual negative cases classified as negative) of the diagnostic metabolites set 

obtained from AUC-ROC. The AUC was a single metric that represented the probability of the 

metabolic biomarker to precisely classify a randomly selected sample into the disease group 

than it would a healthy sample. The AUC range between 1 (perfect classification) to 0 (poor 

performance); 0.5 AUC indicate the classification is by chance.146 The AUC-ROC was 

classified as either excellent (1-0.9), good (0.9-0.8), fair (0.8-0.7), poor (0.7-0.6) and fail (0.6-

0.5).146 From the ROC curve I also determined the cut-off points (optimal points) which was a 

balance between specificity and sensitivity of the diagnostic biomarker. To increase the 

confidence of the reported AUC-ROC, the associated 95% confidence interval calculated using 

500 bootstrap replications was also reported. To increase the prediction capabilities of the 

diagnostic biomarkers a multivariate ROC analysis where a combination of the most promising 

markers was combined into a diagnostic panel with single AUC-ROC. The multivariate ROC 

models were created using linear support vector machine (SVM) algorithm models based on 

Monte Carlo sampling for cross validation and permutation for model’s significance testing and 

nested cross validation (CV) to determine its generalizability.129 To further estimate the 

robustness of the diagnostic biomarker, their significance levels were adjusted with some of 

the baseline clinical parameters using linear regression model with metadata table analysis 
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module in MetaboAnalyst.129 The features were considered robust if their significance was 

generally not affected by the covariates after adjustment. 

3.2.13 Spatial localisation of dysregulated metabolites on valve 

leaflets 

The candidate metabolites were further investigated to determine their co-localisation with 

pathological features on the diseased valves using MALDI-MSI. Thin cryosections (5 μm) of 

frozen valve fragments were thaw-mounted on ITO and microscope slides for MALDI-MSI and 

H&E staining, respectively. The slides were dried in a desiccator for about 15 minutes. The 

mounted sections were protected from direct sunlight by covering the slides with aluminium 

foil. Diseased and non-diseased regions within the H&E-stained slides were highlighted as 

ROI by a pathologist. The mounted ITO slides were sprayed with 40 mg/ml 2,5-dihydrobenzoic 

acid (DHB) matrix that was dissolved in a 1:1 mixture of methanol: distilled water (v/v) with 

0.1% formic acid. After thoroughly mixing the matrix by sonication, 12 layers of the matrix were 

sprayed on the ITO slides using the HTX TM-Sprayer (HTX Technologies, Chapel Hill, NC, 

USA); refer to Appendix 8 for further details. After drying the sprayed ITO slides, the empty 

space between the two tissues was cleared of matrix with methanol; the space was used to 

load the calibration standards. To calibrate the MALDI TOF equipment for low molecular weight 

experiments, a mix of the matrices was used; DHB, HCCA (a-Cyano-4-hydroxycinnamic acid), 

and SA (sinapic acid). The slide images were obtained by scanning and processing the images 

with CyberViewX and the image uploaded to FlexImaging 5.1 software. The MALDI-MSI data 

was acquired using rapifleX® MALDI Tissuetyper® with flexControl 4.0 and flexImaging 5.1 

(Bruker Scientific LLC, Billerica, MA, USA), in positive reflector mode over an m/z range of 50-

1,200 Da at 50 μm raster width. The spectra were accumulated from 200 laser shots at 10kHz 

frequency. The statistical analysis and data visualisation was done with SCiLSTM Lab 2020a. 

The m/z features were then co-localized with the histopathological features, and their detection 

levels compared between the ROIs. PCA multivariate analysis was used to determine features 

that were discriminately expressed between the compared ROIs. The discriminant features 
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were used to generate ion maps that showed the differential spatial changes of the ions at 

different ROIs. For further details on the MALDI-MSI protocol, refer to Appendix 8. 

3.3 Ethics consideration and data dissemination 

3.3.1 Ethics approval 

The study was approved by the Faculty of Health Science, Human Research Ethics 

Committee, University of Cape Town (HREC REF:574/2018) as a study linked to (HREC REF 

061/2018) (Appendix 1). A written and duly signed informed consent were obtained from all 

participants; thumb-printed consents duly signed by witnesses for the case of illiterate 

participants were also obtained. The study strictly adhered to the principles of Helsinki 2013 

declaration. 

3.3.2 Data dissemination 

The clinical data of the participants were anonymised with a unique identifier, stored in a 

password-locked database and the source files stored in a secure locker. The samples were 

stored as per approved standard operating procedures and good clinical practice guidelines. 

A data transfer agreement was processed before any data could be transferred to a third party. 

Primary and secondary findings from the study were to be published in peer reviewed journals. 

3.3.3 Data management plan (DMP) 

A data management plan was developed using the UCT template and archived at UCT’s DMP 

archive (https://dmp.lib.uct.ac.za/plans/1689) (Appendix 9).

https://dmp.lib.uct.ac.za/plans/1689
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Chapter 4 

4 CLINICAL AND HISTOPATHOLOGICAL 

CHARACTERISTICS OF RHEUMATIC HEART 

DISEASE AND AORTIC STENOSIS HEART 

VALVES3 

4.1 Introduction 
According to the GBD, in the SSA regions, there was minimal change in age-standardised 

RHD prevalence between 1990 and 2017 while the prevalence of non-RHD showed a general 

upwards trend.2,148 SSA is among the regions with the highest rates of disability-adjusted life-

years due to RHD which negatively affects the economic strengths of affected communities.49 

Furthermore, ARF affects about 8 to 51 per 100,000 individuals globally and mostly affects 

children aged between 5-15 years old.149 There are cases of ARF among adults; however it is 

almost non-existent in persons older than 45 years.149,150 As highlighted in chapter 2 of this 

thesis, there are histological features that are commonly associated with RHD and 

degenerative AS. To effectively analyse H&E slides, all forms of artefacts should be avoided. 

The common artefacts are poor orientation, calcification, autolysis, shrinkage, freeze artefacts, 

or cracking during sectioning.151,152 Water carryover is another common source of artefact that 

causes pink haze on the slides and affects the cytoplasmic counter staining.151–153 This study 

aimed to explore the demographics and clinical parameters of patients with RHD and aortic 

stenosis undergoing valve replacement and to describe the histopathological features of valve 

biopsies obtained during the valve replacement surgery. 

 
3This chapter is based on the article: 
Mutithu D. W., Roberts R., Manganyi R., Ntusi N. A. B. (2022). Chronic rheumatic heart disease with 
recrudescence of acute rheumatic fever on histology: a case report. Eur Hear J - Case Reports, 6(7), 
ytac278. doi:10.1093/ehjcr/ytac278 
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4.2 Materials and Methods 

4.2.1 Clinical data and sample collection 

The participants were recruited into the study as described in section 3.1.2 of this thesis. During 

recruitment, demographics data and vitals were collected from the participants. In addition, 

CMR analysis was performed to obtain detailed CMR cardiac performance parameters of 

structure, function, haemodynamics, and tissue characteristics. Further, the participants’ 

medical files were carefully reviewed to obtain their clinical history i.e., CVD history and 

diagnosis, presence of comorbidities, medications, and echocardiography parameters. The 

data were collected and stored for the entire duration of the study in a password locked 

computer dedicated for the study. Valve biopsies were collected and processed as detailed in 

section 3.2.   

4.2.2 Tissue fixing and embedding. 

The tissues for histological examination were fixed in formalin immediately after excision. They 

were then processed in a tissue processor overnight (Appendix 4) with Leica tissue 

processing machine, Leica TP 1020 (Leica microsystems Nußloch GmbH, Nußloch, 

Germany), followed by embedding in paraffin wax the following day using the Leica EG1140H 

embedder and the Leica EG1140C chiller plate (Leica microsystems Nußloch GmbH, Nußloch, 

Germany) was used to cool and harden the wax tissue blocks (Appendix 4). The blocks were 

stored in appropriate conditions until required for sectioning and H&E staining. 

4.2.3 Sectioning and H&E staining 

Thin sections were obtained and processed as described in section 3.2.2, the H&E processing 

and histology methods. The slides were carefully stored in microscope slide boxes awaiting 

reviewing by a pathologist. 
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4.2.4 Histopathological assessment of FFPE valve biopsies 

To assess the quality of the H&E staining the slides were first pre-viewed under the light 

microscope. The pre-viewing of the slides ensured the staining contrast was sufficient, no 

artefacts, and no tissue folding.  A senior pathologist reviewed the H&E slides to investigate 

the morphological and histological features associated with RHD and degenerative AS. The 

histological reports were interpreted alongside with the clinical history, echocardiographic 

reports, and cardiovascular magnetic resonance imaging results. The histological reports were 

used to supplement classification of the VHD patients into those of probable rheumatic or non-

rheumatic aetiologies. 

4.2.5 Statistical analysis 

Comparison of the clinical, echocardiographic, CMR and histological variables was performed 

using one-way analysis of variance (ANOVA) for parametric variables while Kruskal-Wallis 

Test was used for non-parametric tests. To compare the categorical variables, chi-square or 

Fisher exact tests were used to analyse the distribution of the variables among the groups. 

The statistical analysis was performed in R (version 4.2.0) and R studio (version 

2022.07.1+554). 

4.3 Results 

4.3.1 Study recruitment and clinical data analyses 

Out of the 100 participants included in the study, 32 participants were excluded in this chapter 

due to their age and comorbidities mismatch. The baseline characteristics of the enrolled 

participants is summarised in Table 4.1. A total of 68 participants were included into this 

chapter: RHD n=39; AS n=10; and age-, sex-, race-, and comorbidities-matched controls n=19. 

The valve samples analysed in this chapter were not obtained from healthy controls. Of the 39 

participants diagnosed as having RHD, 32 had valve replacement while 9 participants 

diagnosed as having AS had the aortic valve replaced. RHD patients were generally younger 

(44.7 ±13.7 years) as compared to AS and controls who were 64.2 ±12.8 and 52.1 ±8.11 years 
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old, respectively (p<0.001). To ensure consistency in the downstream analyses, the 

participants were matched based on their comorbidities i.e., hypertension, diabetes, and body 

mass index (BMI). This study observed elevated mean systolic blood pressure (SBP) (143.0 

±23.1 mmHg) among AS patients as compared to RHD (121.0 ±24.2 mmHg) and controls 

(138.0 ±23.7 mmHg), p=0.01. There were however no differences in distribution of participants 

known to be hypertensive and diabetic among the participants included into the study (p>0.05). 

Furthermore, AS patients were observed to have elevated BMI 33.6 ±7.58 kg/m2 as compared 

to RHD (27.4 ±6.07 kg/m2) and controls 30.0 ±4.07 kg/m2 (p=0.01). RHD patients had mildly 

abnormal global systolic cardiac function while controls and AS patients had normal systolic 

cardiac function; mean LVEF RHD 44.8 ±14.7%, AS 57.0 ±4.07%, and controls 56.1 ±12.1% 

(p=0.02). The AS and RHD patients had elevated left ventricular end-systolic volumes as 

compared to healthy controls (p=0.05). RHD and AS patients had dilated left atria (44.8 ±11.4 

and 30.3 ±4.59 cm
2
) compared to controls 24.2 ±5.57 cm

2
 (p<0.001). Degenerative AS patients 

had greater left ventricular mass compared to RHD patients and controls (p=0.01). The valve 

lesions analyses and grading demonstrated that AS patients undergoing valve replacement all 

had severe aortic stenosis. In addition, among the AS patients some had mild and moderate 

mitral regurgitation (10% and 30%, respectively). Among the RHD patients that needed valve 

replacement, 64.10% had severe mitral stenosis and 35.90% had severe mitral regurgitation 

(p<0.001). Moreover, 43.59% RHD patients in the study had atrial fibrillation while none of the 

AS patients had atrial fibrillation. 

Table 4.1.Baseline characteristics of the study participants  

RHD 
N=39 

Degenerative 
AS 

N=10 

Controls 
N=19 

P-value 

Age (years), mean(±σ) 44.7 ±13.7 64.2 ±12.8 52.1 ±8.11 <0.001b,c 

Sex 

Female, n(%) 

Male, n(%) 

 
27(69.23) 
12(30.77) 

 
6(60) 
4(40) 

 
12(63.15) 
7(36.84) 

0.82 

Race 
Black, n(%) 
Mixed, n(%) 
White, n(%) 

 
11(28.20) 
28(71.8) 
0(0.00) 

 
1(10.00) 
6(60.00) 
3(30.00) 

 
4(21.05) 

13(68.42) 
2(10.51) 

0.03 

BMI (kg/m
2
), mean (±σ) 27.4 ±6.07 33.6 ±7.58 30.0 ±4.07 0.01c 
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SBP (mmHg), mean (±σ) 121.0 ±24.2 143.0 ±23.1 138.0 ±23.7 0.01c 

LVEF %, mean (±σ) 44.8 ±14.7 57.0 ±4.07 56.1 ±12.1 0.02c 

LVEDV (ml), mean (±σ) 174.0 ±49.1 199.0 ±61.2 151 ±26.7 0.25 

LVESV (ml), mean (±σ) 93.9 ±27.5 94.4 ±34.5 65.2 ±13.3 0.05 

LVMI (g/m
2
), mean (±σ) 63.8 ±25.8 96.6 ±41.3 48.6 ±12.9 0.01b, c 

LA Area (cm
2
), mean (±σ) 44.8 ±11.4 30.3 ±4.59 24.2 ±5.57 <0.001a, c 

Hypertensive, n(%) 14(35.90) 8(80.00) 7(36.84) 0.07 

Diabetic, n(%) 3(7.69) 1(10.00) 1(5.26) 1 

Smoker  
             Current, n(%) 
             Ex-Smoker, n(%) 

 
11(28.21) 
1(2.56) 

 
2(20.00) 
1(10.00) 

 
5(26.32) 

0(0) 
0.65 

Dyslipidemia, n(%)  9(23.08) 6(60.00) 4(21.05) 0.09 

Histopathology 
Aschoff bodies, n(%) 
Calcification, n(%)  
Collagen deposition, n(%) 
Fibrosis, n(%) 
Inflammations, n(%) 
Myxoid change, n(%) 
Neovascularization, n(%) 
Vegetations, n(%) 
Fibrin deposition, n(%) 

 
2(5.13) 

10(25.64) 
18(46.15) 
30(76.92) 
13(33.33) 
15(38.46) 
24(61.54) 
2(5.12) 
6(15.38) 

 
0 

8(80.00) 
4(40.00) 
9(90.00) 
2(20.00) 
2(20.00) 
3(30.00) 

0(0) 
3(30.00) 

 
- 
- 
- 
- 
- 
- 
- 
- 
- 

 
1 

<0.01 
0.46 

- 
0.44 
0.25 
0.01 

1 
0.41 

Valve lesions grading     

Aortic regurgitation  
Mild, n(%) 
Moderate, n(%)  
Severe, n(%) 

 
9(23.08) 
9(23.08) 
6(15.38) 

 
2(20.00) 
1(10.00) 

0(0) 

 
- 
- 
- 

0.37 

Aortic stenosis 
Mild, n(%) 
Moderate, n(%) 
Severe, n(%) 

 
2(5.13) 
2(5.13) 
6(15.38) 

 
0(0) 
0(0) 

10(100) 

 
- 
- 
- 

<0.001 

Mitral Regurgitation 
Mild, n(%) 
Moderate, n(%)  
Severe, n(%) 

 
8(20.51) 

12(30.77) 
14(35.90) 

 
2(20.00) 
1(10.00) 

0(0) 

 
- 
- 
- 

<0.001 

Mitral Stenosis 
Mild, n(%) 
Moderate, n(%) 
Severe, n(%) 

 
1(2.56) 
7(17.95) 

25(64.10) 

 
0(0) 
0(0) 
0(0) 

 
- 
- 
- 

<0.001 

Atrial fibrillation, n(%)  17(43.59) 0(0) - <0.01 

Medications 
Penicillin, n(%) 
Anti-hypertensive meds, n(%) 
Diuretics, n(%) 
Anti-diabetic meds, n(%) 
Beta Blockers, n(%) 
Anticoagulants, n(%) 
Cardiac Glycosides, n(%) 
Statins, n(%) 

 
17(43.59) 
9(23.08) 

24(61.54) 
3(7.69) 

28(71.80) 
22(56.41) 
3(7.69) 
8(20.51) 

 
0 

5(50.00) 
5(50) 

1(10.00) 
4(40.00) 
3(30.00) 

0(0) 
5(50) 

 
- 
- 
- 
- 
- 
- 
- 
- 

 
<0.01 
0.12 
0.44 

1 
0.03 
0.13 

1 
0.10 

Medical intervention 
SOC, n(%) 
Valve replacement, n(%) 

 
7(17.95) 

32(82.05) 

 
1(10.00) 
9(90.00) 

 
- 
- 

 
- 

RHD, rheumatic heart disease; Degenerative AS, Degenerative aortic stenosis disease; SBP, systolic blood 
pressure; BMI, body mass index; LVEF, left ventricle ejection fraction; LVEDV, left ventricle end-diastolic volume; 
LVESV, left ventricle end-systolic volume; LVMI left ventricle myocardium mass index; LA, left atrium; SOC, 
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standard of care treatment. ANOVA Post hoc analysis with FDR adjusted P-value <0.05; a, RHD vs controls; b, AS 
vs controls; c, RHD vs AS. 

4.3.2 Histopathological analyses of RHD and degenerative aortic stenosis 

Valve fragments from 32 RHD and 9 AS patients were processed and analysed to determine 

the prominent histopathological features associated with the valvular heart disease and 

summarised in Table 4.2. On histology, AS was predominantly associated with features of 

calcification 8(80.00%) as compared to RHD 10(25.64%), p<0.01. In addition, it was observed 

that neovascularisation was mostly associated with RHD 24 (61.54%) as compared to AS 

3(30.00%), p=0.01. Furthermore, presence of vegetations and Aschoff bodies was solely 

reported among valve fragments obtained from RHD patients. Fibrosis was a histopathological 

feature commonly found among patients with RHD 30(76.92%) and AS 9(90.00%) undergoing 

valve replacement surgery. 

Table 4.2. Distribution of histopathological features observed in valve biopsies obtained from RHD and 
AS patients  

RHD N=32 Degenerative AS 
N=9 

P-Value 

Aschoff bodies, n(%) 2(5.13) 0(0) 1 

Calcification, n(%)  10(25.64) 8(80.00) <0.01 

Collagen deposition, n(%) 18(46.15) 4(40.00) 0.46 

Fibrosis, n(%) 30(76.92) 9(90.00) 1 

Inflammations, n(%) 13(33.33) 2(20.00) 0.44 

Myxoid change, n(%) 15(38.46) 2(20.00) 0.25 

Neovascularization, n(%) 24(61.54) 3(30.00) 0.01 

Vegetations, n(%) 2(5.12) 0(0) 1 

Fibrin deposition, n(%) 6(15.38) 3(30.00) 0.41 
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The assessment of the gross morphology of the isolated valves showed valves that had 

thickened cusps and chordae tendineae due to severe fibrosis or calcification (Figure 4.1). 

 
Figure 4.1. Macroscopic pathologies of the excised aortic and mitral valves. (A) Severe calcification on 
aortic valve, solid arrows show areas of severe dystrophic calcification. (B) Severely thickened aortic 
valve cusps due to fibrosis (dashed arrows). (C) Anterior view of thickened mitral valve and chordae 
tendineae (dotted arrow). 

In addition, the study incidentally observed a case of a 59-year-old woman who was of sober 

habits and a 10-year history of poorly managed type 2 diabetes and hypertension. She had no 

history of acute rheumatic fever, prior myocarditis, or other known structural heart disease. 

She had presented with acutely decompensated heart failure. She was diagnosed with RHD 

complicated by severe aortic valve regurgitation and severe mitral valve regurgitation. She was 

put on heart failure medication and referred for double valve replacement surgery. She 

underwent open-heart surgery and had aortic valve and mitral valve replacement with 

bioprosthetic tissue valves. The histopathological assessment of the H&E sections from the 

patient’s aortic and mitral valve biopsies showed features of acute-on-chronic and acute 

valvulitis. The mitral valve showed moderate-to-severe fibrosis of the valvular media, scattered 

stromal histiocytes. In addition, there was evidence of foci neovascularisation with 

characteristic thick-walled vessels (Figure 4.2). There was however no evidence of 

inflammation or infective endocarditis.  



70 
 

 
Figure 4.2. Haematoxylin and eosin staining of mitral valves. (A) severe fibrosis (solid arrows) 
(magnification 40x), (B) Scattered stromal histiocytes (solid arrows) and foci of neovascularization with 
thick-walled vessels (dotted arrows) (magnification 200x). 

By contrast, the aortic valve showed features of acute on chronic valvulitis such as stromal 

neovascularisation, moderate-severe stromal fibrosis and presence of macrophages and 

plasma cells. In addition, there was evidence of fibrin deposition and localised lymphocytes. 

Additionally, there was discrete foci of acute rheumatic valvulitis with Aschoff bodies containing 

Anitschkow cells and central fibrinoid necrosis (Figure 4.3). The patient’s treatment was 

adjusted to include antidiuretics, metformin, anticoagulants, aspirin, penicillin and other 

antibiotics, statins, and beta-blockers. The patient continued doing well and continued to attend 

her post-surgery check-ups.  
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Figure 4.3. Haematoxylin and eosin staining of aortic valve. (A) Hyalinisation (solid arrows) and Aschoff 
bodies (dotted arrow) (magnification 100x), (B) fibrinoid necrosis (magnification 400x), (C) Aschoff body 
(magnification 200x), (D) Aschoff body with characteristic Anitschkow cells (magnification 400x). 

4.4 Discussion 

In this study the demographics and clinical parameters of the RHD and the aortic stenosis 

patients was described. Further the echocardiographic and CMR parameters that explained 

the cardiac performance of the recruited participants was highlighted. The histopathological 

parameters of the isolated valve biopsies highlighted the features associated with chronic RHD 

and aortic stenosis. Coincidentally, the study also observed a rare phenomenon of acute 

rheumatic valvulitis in a participant with chronic RHD valve.154 

AS and RHD are mostly asymptomatic at the early stages of the pathology and often patients 

are diagnosed when the disease is advanced.116,155,156 AS is prevalent in high-income countries 

and mostly affects patients with advanced age as opposed to RHD that is prevalent in LMICs 

and becomes symptomatic at a relatively young age.155,157 In addition, RHD has been reported 

to be more highly prevalent among females than males.116,158 Similarly, RHD patients recruited 
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into the study were generally younger than the aortic stenosis patients and were predominantly 

female. The number of AS participants having AVR and recruited into the study was 

disproportional to the number of RHD participants, reflecting local demography. 

Chronic RHD and severe AS affect the left side of the heart. AS causes the narrowing of the 

aortic valve orifice causing pressure overload in the LV which is compensated by LV 

hypertrophy leading to increased LV mass.8,159,160 In as much as LV hypertrophy causes 

reduced LV volume, the response is not universal; some patients have reduced ventricular 

volume due to thickened walls while others may have reduced volume due to reduced radius. 

AS may be associated with reduced diastolic volume, reduced ejection volume, impaired 

coronary blood-flow reserve and increased left atrial (LA) area.8,159,160 RHD is almost 

predominantly a left side disease however there are rare cases of right-side valve disease. It 

mostly presents with mitral valve disease; most often mitral valve stenosis or regurgitation and 

aortic valve disease is less common.116,161 In this study we observed RHD patients as having 

enlarged LA area more than the AS patients since the RHD patients were mostly complicated 

with mitral stenosis, mitral regurgitation, and aortic stenosis. In addition, the LV mass was 

increased more in AS than it was in RHD since the LV volume overload could have been 

compensated by LV hypertrophy. The compensatory mechanisms of responding to LV volume 

and pressure overload leads to both AS and RHD patients having normal LV ejection fractions. 

The classical histological features associated with RHD are - presence of Aschoff bodies, 

neovascularisation, myxoid change, signs of inflammation, presence of vegetations, 

hypertrophy, and presence of fibrosis and collagen deposition.162 Degenerative AS is expected 

to show fibrosis, collagen deposition, neovascularisation, calcification and infiltration of 

inflammatory cells.163 In this study, features of chronicity were observed in valve biopsies from 

RHD and AS patients. Calcification is mostly reported in aortic stenosis.163 In this study, 

calcification was predominantly found in degenerative AS patients however there were some 

cases of calcification among RHD   ̶a finding that has been reported elsewhere.162 Further, it 

was evident that neo-vascularisation was predominant but not exclusively among RHD since 



73 
 

there some cases that showed neo-vascularisation among degenerative AS patients.162,163 The 

presence of neovascularisation is thought to promote calcification; in this study it could have 

contributed to the calcification cases among RHD.163 As expected, fibrosis was a common 

histological feature among RHD and degenerative AS.162,163 Since the chronic inflammation 

results from long-term injury to the tissue, it is often characterised by signs of immune 

response, phagocytosis, necrosis, and repair. Hence the length of chronic inflammation would 

be indicated by the amount of fibrosis. Further the kind of immune cells to be found depends 

on the kind of antigen. Agents producing cytokines are characterised with macrophages while 

cytotoxic lymphocytes inducing agents would show presence of lymphocytes.164 The incidental 

finding of acute-on-chronic histological features showed presence of lymphocytes, 

macrophages and plasma cells; the finding of Aschoff bodies with characteristic Anichkov cells 

was the hallmark for acute inflammation.48,162 In addition, unlike in many other reports, the 

features of acute rheumatic fever in this study were found on aortic valve as opposed to mitral 

valve.48,162,163 The presence of acute valvulitis on aortic valve supports the fact that rheumatic 

fever and rheumatic heart disease lesions does also affect the aortic valves.3,48,162,165 Cases of 

ARF are unlikely and almost non-existent in patients who are older than 45 years, therefore 

finding a 59-year-old-woman with acute valvulitis was unexpected.154 The findings therefore 

suggested that there could be cases of ARF that goes unnoticed, especially in RHD endemic 

regions. 

4.5 Limitations 

The study reported on the histopathological features of RHD and degenerative AS. However, 

the patients included in the study were at the advanced stages of VHD and therefore the 

features of pathology were not fully representative. Furthermore, due to the limited number of 

samples the study could not achieve the intended statistical power. 
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4.6 Conclusion 

RHD is endemic in SSA. Many patients require valve replacement surgery at a fairly young 

age. On the other hand, AS prevalence is on the rise and the patients also require valve 

replacement surgery. RHD and AS have different aetiologies and risk factors and therefore 

have different histopathological features. In this chapter, we describe the different imaging, 

macroscopic and histological findings in RHD and AS. We also report on a rare finding of 

chronic RHD admixed with acute rheumatic valvulitis. The study has therefore shown that in 

high-risk areas, consideration of ARF in the differential diagnosis of VHD should not be ruled 

out despite not meeting the criteria for definite ARF diagnosis as per revised Jones criteria 

2015. 
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The valve samples were obtained from patients having valve replacement surgery at the 
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after recruitment and consenting by D Mutithu assisted by Dr R Manganyi, O Aremu, and Dr E 

Lumngwena. The clinical data was collected and curated by D Mutithu. The valve fragments 

were provided by Dr R Manganyi after excision during the surgery. The samples for histology 

were processed by D Mutithu assisted by S Govender. The H&E slides were reviewed by Prof 

D Govender. Data analysis was done by D Mutithu.  
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Chapter 5 

5 CIRCULATORY METABOLIC BIOMARKERS IN 

CHRONIC DEGENERATIVE AORTIC STENOSIS 

AND RHEUMATIC HEART DISEASE4 

5.1 Introduction 

VHD are commonly classified based on their aetiology. In this study we focused on 

understanding the pathogenesis of chronic degenerative AS and RHD.  The global burden of 

RHD and non-RHD VHD stands at 17.16/100,000 and 401.69/100,000 for ages between 5 to 

70 years old persons, respectively.2,148 Further, degenerative AS is highly prevalent in HICs 

countries but also the prevalence is rising in LMICs where it mostly presents with calcific AS.2  

RHD is among the leading causes of cardiovascular related mortalities and morbidities in 

LMICSs.2,49 SSA is among those regions with the highest rates of disability-adjusted life-years 

due to RHD, which negatively affects the social economic standings of affected communities.49  

Metabolomics has found application in biomarker discovery in CVD to identify target molecules 

for therapies and markers of early diagnosis and outcome prediction.56,64,166 LC-MS with soft 

ionisation e.g. ESI and TOF mass analyser is the most common metabolomics technique used 

in discovery studies owing to its wide coverage of the molecular mass range.79,80 

Advancements in analytical technology have led to development of bioinformatics tools that 

aid high throughput processing, statistical analysis, and identification of potential metabolic 

biomarkers.86,88,93–96 Metabolomics biomarkers associated with pathogenesis and diagnosis of 

VHD have been reported.18,97–103,167,168 Little to no studies have reported metabolomics 

biomarkers associated with pathogenesis or diagnosis of RHD.19  

 
4This chapter is based on a manuscript:  
Mutithu, D. W., Kirwan, J. A., Adeola, H. A., Aremu, O. O., Lumngwena, E. N., Familusi, M., ... & Ntusi, 
N. A. (2023). Serum metabolic profiling in rheumatic heart disease and degenerative aortic stenosis 
[Manuscript submitted for publication]. Department of Medicine, University of Cape Town, Cape Town, 
South Africa. 
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In this study, patients were classified into chronic degenerative AS or RHD based on their 

clinical diagnosis supported by echocardiography and histological assessment of the valve 

fragments. This study explored serum metabolomics biomarkers associated with RHD and 

degenerative AS and contrasted it with healthy individuals. The study aimed to identify serum 

metabolic biomarkers and pathways associated with RHD and degenerative AS using LC-MS 

metabolomics. In addition, the study also aimed at characterising metabolic biomarkers with 

diagnostic capabilities to differentiate RHD, degenerative AS, from healthy individuals. Finally, 

logistic regression analysis was employed to assess covariation between circulatory 

biomarkers and predefined clinical parameters. 

5.2 Materials and Methods 

5.2.1 Sample collection and processing 

Study participants were recruited as described in section 3.1, the study design and 

recruitment. Blood samples was collected from consenting RHD and degenerative AS as 

described in Chapter 3.2.3. In addition, blood samples were obtained from age-, sex-, 

ethnicity-, and comorbidity-matched participants. Blood samples were processed as detailed 

in section 3.2.3, sample processing methods. Briefly, serum was isolated by centrifugation at 

2000 x g for 10 minutes in a cooled centrifuge to 4°C. Aliquots of isolated serum were 

immediately stored in -80°C freezer until analysis. Sample processing was performed in level 

2 biosafety (BSL-2) cabinet. Patients were included or excluded from the study as described 

in the inclusion and exclusion criteria described in section 3.1.3, the study population 

sampling. 

5.2.2 Methods development pilot metabolome extraction and analysis 

As explained in section 3.2.4, the pilot experiments methods; some samples were processed 

to pilot the suitability of metabolites extraction solvents. Briefly, different solvent combinations 

were tested i.e., 100% methanol, 100% acetonitrile, a mixture of 100% methanol and 100% 

acetonitrile (1:1v/v), and a mixture of 100% methanol and 100% ethanol. The serum samples 
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were processed as detailed in section 3.2.4 and reconstituted with HPLC grade water with 

0.1% formic acid. The samples were then separated using LC using Omega Polar C18 column 

with particle size 1.6 μm, pore size 100Å, length 10 cm, and internal diameter 3 mm 

(Phenomenex Inc., Torrance, CA, USA) with the mobile phase A being HPLC-grade water 

with 0.1% formic acid and 2mM ammonium formate and the mobile phase B being a mixture 

of 100% acetonitrile and 100% methanol (1:1 v/v) with 2mM ammonium formate and 0.1% 

formic acid. Two gradient settings were tested to determine the one suitable for metabolome 

extracted as detailed in Table 5.1. The maximum pressure limits were set at 400 bar and the 

injection volume was set at 10 uL. To determine the system suitability, Sciex Calibration 

standards were used to calibrate the equipment (Sciex, Framingham, MA, USA). To set up 

the suitable flow rate and data acquisition rate, triazine pesticide was used in place of the 

samples (Sigma-Aldrich). The mass spectrometry data was obtained in the positive ionization 

using full scan mode and scanning masses between 50 – 1,200 Da using X500R QTOF-

MS/MS equipment operated with Sciex OS software ver.1.4 (Sciex, Framingham, MA, USA). 

The raw data was pre-processed and converted to .mzML from .wiff2 using MS-Convert in 

ProteoWizard (version 3.0.1908). Furthermore, features extraction, annotation, and pathway 

analysis were performed in XCMSOnline (version 2.7.2), XCMS (version 1.47.3), and 

CAMERA (version 1.34.0), respectively (Appendix 6). The pilot statistical analyses were 

performed in MetaboAnalyst 5.0 (https://www.metaboanalyst.ca/). 

Table 5.1. The pilot liquid chromatography gradient and flow program 

Time (min)1 B Conc (%)1 Flow (mL/min)1 Time (min)2 B Conc (%)2 Flow (mL/min)2 

1.00 0.0 0.7 2.00 2.0 0.4 

60 100.0 0.7 45.00 95.0 0.4 

70 100.0 0.7 47.00 95.0 0.4 

70.10 0.0 0.7 47.10 2.0 0.4 

90.00 0.0 0.7 60.00 2.0 0.4 

https://www.metaboanalyst.ca/
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5.2.3 Study metabolome extraction and analysis 

Study population 

VHD patients were recruited as described in section 3.1, the study design. Patients were 

further classified into RHD and degenerative AS groups as described in section 3.1.3, the 

study population sampling. In all cases, histopathological assessment of the excised aortic 

valve fragments was done. Non-fasting venous blood samples were collected from VHD 

patients (n=39: 20 RHD, 10 degenerative AS) and from age-, sex-, ethnicity-, and comorbidity-

matched individuals without VHD as controls (n=19) as described in section 3.1.3. The blood 

samples were processed to isolate serum as stated in section 3.2.3, sample processing 

methods.  

Metabolites extraction 

For more details on the study of metabolites extraction methods, refer to section 3.2.5. Briefly, 

sera from RHD, AS and healthy participants were processed for analysis in batches. Each 

batch was composed of 15 samples/injections to avoid long waiting times before samples 

were injected. Each batch was prepared by randomly selecting 3 RHD, 3 AS, 3 healthy 

controls, 2 pooled quality controls (QCs), 2 external standards, and 2 blanks. The QC samples 

were prepared by pooling 50 μL of serum from each sample into 1 aliquot which was divided 

into 4 aliquots of 1.5 mL to avoid multiple freeze-thaw cycles. In addition, a long term reference 

standard (LTRS)  was prepared by reconstituting the standard (NIST SRM 1950 metabolites 

in human plasma standards) (Sigma-Aldrich, St. Louis, MO, United States) with an equal 

proportion of HPLC-grade water (1:1 v/v) and was divided into 4 aliquots of 1.5 mL each as 

was reported elsewhere.169 The prepared QCs and LTRS were stored in -80°C freezer until 

analysis. 

To extract the metabolites, 100 μL of the samples, QCs and LTRS were added to 400 μL of 

ice-cold extraction solvent. The extraction solvent was made by mixing 100% acetonitrile with 

100% methanol (9:1v/v). The mixture of the samples and the extraction solvent was vortexed 
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(Labnet International, Edison, NJ, USA) and centrifuged at 14,000 x g for 15 minutes with 

Sigma 1-14K centrifuge (Sigma Laborzentrifugen GmbH, An der Unteren Söse, Osterode am 

Harz, Germany) precooled to 5°C. The supernatant was dried using a nitrogen gas 

concentrator in the glass tubes (Globe Scientific Inc, Mahwah, NJ, USA). It was then 

reconstituted in 150 μL reconstitution solvent made of HPLC-grade water mixed with 100% 

acetonitrile (98:2 v/v) and modified with 1% formic acid or 1 mM acetic acid in the positive or 

negative ionization modes, respectively. The reconstituted extracts were then centrifuged for 

5 minutes at 13,000 x g to remove undissolved particles. The reconstituted samples were then 

transferred into the low-recovery-volume flat bottom inserts placed in 2 mL vials ready for 

loading into the ExionLC™ AD Series HPLC system that was set at 15°C (Sciex, Framingham, 

MA, USA). 

LC-MS/MS data acquisition 

The mobile phase (A) was 100% HPLC-grade water while mobile phase (B) was a mixture of 

100% acetonitrile and 100% methanol at 1:1 (v/v). The mobile phases were modified with 2 

mM ammonium formate and 0.1% formic acid (Sigma-Aldrich) or with 2 mM acetic acid for the 

positive or the negative modes, respectively. The 60 mins chromatography gradient tried in 

pilot experiments was used as indicated in Table 5.2.  

Table 5.2. The study liquid chromatography gradient and flow program 

Time (min) B Conc (%) Flow (mL/min) 

2.00 2.0 0.4 

45.00 95.0 0.4 

47.00 95.0 0.4 

47.10 2.0 0.4 

60.00 2.0 0.4 

High resolution MS/MS data was acquired in positive and negative ionisation modes as 

detailed in section 3.2.7, the MS data acquisition methods. The data was obtained in 

proprietary .wiff and .wiff2 formats and was stored in secure devices until processing and 

analysis. 
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Data processing and statistical analysis 

To extract, align and adjust batch drift of the m/z features, the raw positive and negative mode 

LC-MS/MS data was processed with MS-Covert in ProteoWizard 3.0.1908.170 The m/z 

features were obtained using the data processing pipeline composed of peak picking, baseline 

correction, peak alignment, filtration, and QC checks that was performed in MS-DIAL 4.38 

(Appendix 7).96 Batch drift adjustment was done with MetaboAnalyst batch drift correction 

algorithm based on QC samples that were injected every 5 samples in all batches. Spurious 

m/z features were filtered out by removing background noise based on the blank samples 

(maximum sample/blank<5-fold change). In addition, m/z features were further filtered by 

exclusion based on missing values in the experimental samples; features were excluded if 

they had more than 25% or 45% missing values in at least one group in ESI+ and ESI- modes, 

respectively. To obtain the significant features, data were first normalised based on their 

intensities between samples (row-wise normalisation) based on the sum intensities in each 

sample, and further normalised by adjusting the intensities of each feature (column-wise 

normalisation) by mean centring and dividing by the square root of standard deviation of each 

feature using MetaboAnalyst 5.0 web tool (https://www.metaboanalyst.ca/home.xhtml).171 To 

obtain potentially important features between groups, univariate analysis of variance 

(ANOVA), student’s t test, and volcano plot analysis was used to obtain potentially important 

features between groups. In addition, multivariate PCA and PLS-DA analysis was used to 

visualise group differences. Chemical identification of the selected features was done by 

matching their MS and MS/MS data to publicly available spectral libraries (HMDB, ChEBI, 

MassBank, etc.) with GNPS 28.2137  and SIRIUS 4.5.3172. Important features without MS/MS 

data were matched to public databases based on their accurate mass, retention time, and 

adduct formation patterns using CEU Mass Mediator available at 

(http://ceumass.eps.uspceu.es/).141 Important features with and without MS/MS data were 

annotated into MSI levels 2 and 3, respectively.136,173 The annotated metabolites were further 

screened using univariate statistics tests. To describe the global metabolic patterns between 

https://www.metaboanalyst.ca/home.xhtml
http://ceumass.eps.uspceu.es/


81 
 

groups, multivariate chemometrics tools such as hierarchical clustering, PCA and PLS-DA 

were used. The m/z features and metabolites with a P-value <0.05 and log2 fold change 

(FC)>1 or <1 was considered significantly changed. 

To assess the reliability of the important m/z features, manual curation of the extracted ion 

chromatograms was done in MS-DIAL by inspecting the peak shapes. The curation is time 

consuming therefore this was applied to the statistically important features before pathway 

enrichment analysis. During manual curation of the annotated compounds, the peak shape, 

intensity and the retention time matching with the library match and the standard molecules 

were checked. In addition, the fragments matching to the MS2 library to confirm the 

identification were also checked. Isobaric elution was also considered, i.e. molecules eluting 

at different times and used the MS DIAL compound search to determine the libraries match to 

the identification. 

5.2.4 Functional analysis of significant metabolites 

To explore the functional relevance of the annotated metabolites, the pathway analysis 

algorithm in MetaboAnalyst 5.0 (https://www.metaboanalyst.ca/) was used for pathway 

enrichment and topology analysis. The HMDB and KEGG identifiers of the annotated 

metabolites were uploaded and embedded in human pathway library for pathway analysis.  

The mapped pathways were visualised with scatter plots while testing the significance level, 

the enrichment was analysed using the hypergeometric test, while the topology analysis was 

done using relative-betweenness centrality on the Homo sapiens KEGG pathway library.171 

Significantly mapped pathways (p≤0.05) were further explored to determine the profile of the 

mapped metabolites using univariate analysis. To describe the genes and biological 

processes associated with the annotated metabolites between groups, gene-metabolite 

interaction analyses were performed using MetaBridge (https://www.metabridge.org/) and 

MetaboAnalyst 5.0 (https://www.metaboanalyst.ca/).145,171 The HMDB identifiers of the 

annotated metabolites were uploaded and mapped to the KEGG identifiers where genes 

associated with the mapped metabolites are obtained.145 The interaction of the genes and the 

https://www.metaboanalyst.ca/
https://www.metabridge.org/
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metabolites was analysed using network exploration algorithm. Integrative network analysis 

and visualisation was conducted using network analysis function in MetaboAnalyst, important 

genes and metabolites were selected based on their degree centrality (degree>2) and 

betweenness; important biological processes were selected based on their significance levels 

of being associated with the queried genes and metabolites (P-value<0.05). 

5.2.5 Specificity and sensitivity analyses of dysregulated metabolites 

To determine the specificity and sensitivity of the dysregulated metabolites to differentiate 

between RHD, AS and healthy controls, receiver operator curve model (ROC) analyses was 

used in MetaboAnalyst 5.0 (https://www.metaboanalyst.ca/).171 A multivariate ROC model was 

constructed using Monte Carlo cross validation (MCCV) where important metabolites were 

used to build a classification model using two thirds of the samples, which was then validated 

on the remaining third of samples. Metabolites with potential predictive capabilities were those 

with an area under the curve (AUC) ≥0.8, a sensitivity and specificity ≥ 0.70 and 70% 

frequency of being selected when building the cross-validation model. To determine the 

robustness of the discriminant biomarkers, the effect of clinical metadata (covariates) on their 

significance level was assessed by analysing the correlation of the p-values with and without 

covariate adjustments using multivariate linear regression models.171 

5.3 Results 

5.3.1 Methods development pilot experiments outcomes 

Liquid chromatography flow rate settings 

To determine the suitable chromatogram method, the pesticides standard was used to explore 

the chromatographic settings. Based on the abilities to resolve peaks of the late-eluting 

compounds, the 60 minutes gradient with 0.4 mL/min had the better resolution as compared 

to 90 minutes gradient with 0.7 mL/min (Figure 5.1 & Figure 5.2). 
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Figure 5.1. Extracted ion chromatogram of 3-hydroxycarbofuran (238.105 Da) from a 90-minute gradient. 
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Figure 5.2. Extracted ion chromatogram of 3-hydroxycarbofuran (238.105 Da) from a 60-minute gradient.
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Choosing the suitable extraction solvent 

To determine the most effective extraction solvent to extract the polar and the non-polar part 

of the metabolome, the extracted masses from the solvent combinations were logically 

analysed with Venn diagram to determine the relationship of the extracted features. The 

findings showed that the combination of acetonitrile and methanol had the most unique 

features detected (Figure 5.3 & Figure 5.4). The pilot studies had shown that ACN had better 

protein precipitation capabilities for metabolome extraction. Previously reported studies have 

shown that adding methanol into the crushing solvent increased the extractability of the polar 

and nonpolar metabolites based on the relative standard deviation of the extracted features174 

Furthermore, to reduce protein binding of the metabolites, 1% FA is added as a modifier; 

however it is known to decrease solubility of metabolites that are more hydrophobic.175 The 

mixture of acetonitrile and methanol were therefore adopted as the crushing solvent for the 

entire study; the solvent was mixed with formic acid or acetic acid for efficient metabolome 

extraction and protein precipitation. The data was acquired in 12 batches in positive and 

negative modes; in each batch there were 15 samples/injections. Each batch was prepared 

by randomly selecting 3 RHD, 3 AS, 3 healthy controls, 2 pooled quality controls (QCs), 2 

external standards, and 2 blanks.
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Figure 5.3. Exploration of extracted features from the 2 samples using 4 solvent combinations. The 
Venn diagrams showing the logical relations of the shared and unique features between different 
extraction methods in sample 1 (A) and (B). It also shows the distribution of the detected and unique 
features for each of the extraction solvent combination in Sample 1. 
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Figure 5.4. Exploration of extracted features from the 2 samples using 4 solvent combinations. The 
Venn diagrams showing the logical relations of the shared and unique features between different 
extraction methods in Sample 2 (A). It also shows the distribution of the detected and unique features 
for each of the extraction solvent combination in Sample 2 (B). 
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Choosing the peak picking and features extraction methods 

To determine the suitable peak picking and features extraction algorithms and methods, the 

XCMS-online and the MS-DIAL software were used. The XCMS-online was web-based 

therefore it was available only if I had internet access. The software also required minimal 

technical knowledge to load the raw files, in put the parameters and download the results. 

Since the software is online based the storage capacity was limited and in case there was 

need to process bigger file sizes there could have been problems with storage. Furthermore, 

there was limited functionality to investigate the quality of the extracted features. MS-DIAL 

was downloaded and operated within a local computer; therefore, it would be readily available 

without requirement for internet access. MS-DIAL offered flexible functionality in that I could 

inspect the quality of the extracted features. MS-DIAL offered several noise filtration 

parameters therefore I had an option to tweak several parameters to ensure I obtained quality 

extracted features. The challenge with MS-DIAL was when processing huge data files 

approximately 60 gigabytes of data, it required a computer with a physical memory capacity 

of at least 16 gigabytes. 

5.3.2 Study experiments biomarker discovery and exploratory analyses 

After the pilot experiments the methods and parameters to use in the study were compiled. 

The methods and parameters comprised the entire metabolomics pipeline as further described 

in Appendix 5 and 7. The results from the study experiments are described below. 

Peak detection, extraction, and feature repeatability analysis 

Initially there were 41,738 and 31,772 features detected in the ESI+ and ESI- modes, 

respectively. After peak picking, alignment and initial filtering, 3,692 (ESI+) and 2,864 (ESI-) 

features (m/z, retention time, and intensity) were extracted. The median relative standard 

deviation (mRSD) of the pooled quality control samples (pooled QC) for negative mode and 

positive modes was 29.99% and 35,85% respectively. The RSD cut-off point for acceptable 
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repeatability of the extracted features was <30% in pooled QC RSD (Figure 5.5A-B). 

Following batch drift analysis and correction based on the pooled QCs, the PCA plots of before 

and after batch adjustment did not have a significant difference for positive and negative 

ionisation modes (Figure 5.6 & Figure 5.9). In addition, the singular value decomposition 

analysis did not show an obvious systematic trend that could be attributed to bias (Figure 5.7 

& Figure 5.10). Furthermore, the distance between original data and normalised sample data 

did not show significant reduction in distance (Figure 5.8 & Figure 5.11). After batch 

normalisation and filtration based on the quality control samples RSD cut-off (≤30%), 1,847 

(ESI+) and 1,064 (ESI-) features were extracted and used for annotation and statistical 

analysis. The m/z features perturbation patterns in the ESI+ and ESI- modes between AS, 

RHD and controls were explored using univariate volcano plot analysis based on the fold 

change and significance level. The analysis showed m/z features changed differently between 

the groups in both the positive and negative ionisation modes. Therefore, univariate analysis 

was used to obtain the significant features after annotation. The m/z features were annotated 

using the GNPS molecular networking technique.
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Figure 5.5. The pooled quality control relative standard deviations distribution per batch for (A) positive ionization mode and (B) negative ionization mode. The 
dotted line shows the <30% RSD cut-off points for features filtration with acceptable repeatability.
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Figure 5.6. Batch drift analysis and adjustment in the positive ionisation mode (ESI+). PCA plot showing sample distribution before and after batch correction 
using ComBat method.  
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Figure 5.7. Batch drift analysis and adjustment in the positive ionisation mode (ESI+). The singular value decomposition analysis of systematic trends 
attributable to bias before and after normalization using ComBat method. 
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Figure 5.8. Batch drift analysis and adjustment in the positive ionisation mode (ESI+). Inter-batch distance analysis on the normalized and the original data 
(*shows the normalisation method with the least distance between the sample batches).
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Figure 5.9. Batch drift analysis and adjustment in the negative ionisation mode (ESI-). PCA plot showing sample distribution before and after batch correction 
using ComBat method.
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Figure 5.10. Batch drift analysis and adjustment in the negative ionisation mode (ESI-). The singular value decomposition analysis for systematic trends 
attributable to bias before and after normalization using ANCOVA method. 
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Figure 5.11. Batch drift analysis and adjustment in the negative ionisation mode (ESI-). Inter-batch distance analysis on the normalized and the original data 
(*shows the normalisation method with the least distance between the sample batches).
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Extracted ion chromatogram qualitative analysis and features annotation 

While using ANOVA, 36 metabolites were annotated to MSI level 2 and 3 and were significantly 

perturbed (p<0.05) between RHD, AS and controls Table 5.3. The PLS-DA model analysis of 

the annotated metabolites reported a low model cross validation predictive relevance score 

(Q2=0.49), which is not unusual in human studies where highly variable data and many 

confounding factors complicates interpretation. Permutation testing of the model showed a 

between and within sums of squares (B/W) ratio between the permutations and the original 

non-permuted data which was significantly different (empirical p-value =0.042) (Figure 5.12 & 

Figure 5.13). However, the use of B/W ratios to determine differences different more than 2 

groups has been shown not to be the most feasible method.176,177 Therefore, univariate 

statistics testing was used to determine the significant m/z features. Prior to considering a 

feature as successfully annotated and as potential biomarker, the extracted ion chromatogram 

peak shapes of the important features were qualitatively analysed. The extracted peaks were 

assessed based on the background noise, gaussian peak shape and the peak alignment from 

different samples (Figure 5.14 & Figure 5.15). Only the annotated metabolites that passed 

the quality checks were considered as detected and potential biomarkers. The important m/z 

features were annotated based on the molecular formular, predicted molecular structure and 

accurate mass, and matched to the public metabolic spectra databases (Figure 5.16 & Figure 

5.17). Furthermore, the features that did not match to any known molecules were further 

annotated based on their molecular similarity to annotated features using the GNPS feature-

based molecular networking (FBMN) algorithm (Figure 5.18 - Figure 5.20).
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Figure 5.12. Exploratory analysis of metabolites dysregulated between RHD, AS and controls. (A) PCA scores plot, (B) PLS-DA scores plot. 
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Figure 5.13. Exploratory analysis of metabolites dysregulated between RHD, AS and controls. (A) PLS-DA scores cross validation based on component 1; 
R2=0.72 and Q2=0.49, (B) permutations test analysis based on 1,000 permutations (empirical p = 0.042).
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Figure 5.14. Positive and negative ionisation modes extracted ion chromatograms (EIC) of some of the 
aligned and annotated m/z features that were found to be important metabolite biomarkers. 
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Figure 5.15. Positive and negative ionisation modes extracted ion chromatograms (EIC) of some of the 
aligned and annotated m/z features that were found to be important metabolite biomarkers. 
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Figure 5.16. Successful annotation process of important m/z features based on the MS and the MS/MS 
fragments using SIRIUS version 5.8.6. The AlignID450 where m/z = 205.09657 was the precursor ion 
and the associated ions in the spectra, (A) MS and MS/MS fragments predicted molecular formular, the 
predicted molecular structure prediction tree and the predicted adducts. (B) The database matching of 
the predicted molecular formular and the predicted structure. 
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Figure 5.17. Successful annotation process of important m/z features based on the MS and the MS/MS 
fragments using SIRIUS version 5.8.6. The AlignID450 where m/z = 205.09657 was the precursor ion 
and the associated ions in the spectra, (A) Substructure annotation based on the queried MS/MS 
fragments of the annotated m/z feature. (B) The annotated compound classification using Classifire and 
Natural products prediction algorithms. The m/z feature was annotated to L-tryptophan with 100% 
spectra matching score and was annotated into MSI confidence level 2.
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Figure 5.18. Unsuccessful example of the annotation process of important m/z features based on the MS and the MS/MS fragments using SIRIUS version 
5.8.6. Each peak is assigned a unique peak number assigned by Sirius? In this example, MS-DIAL alignment number 268 in the positive ionisation mode 
(Align 288 POS) equated to a spectra with m/z = 161.58698 was the precursor ion and the associated fragments in the spectra. Using the Align command for 
peak 268 compiled the MS and MS/MS fragments associated with this peak to build a predicted molecular formula. This feature could not be associated to 
any known biological molecule. It was not annotated. To ensure reliability of the annotations, the SIRIUS annotations were compared to the annotations 
suggested by other annotation tools.
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Figure 5.19. Annotation process of the important features based on the MS and MS/MS matching using the GNPS feature based molecular networking (FBMN). 
Feature Align268 m/z 161.5846 was annotated based on the molecular similarity to feature Align272 m/z 162.1115 which was annotated to L-carnitine. 
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Figure 5.20. Annotation process of the important features based on the MS and MS/MS matching using the GNPS feature based molecular networking (FBMN). 
Feature Align450 m/z 250.09657 was also annotated to L-tryptophan based on the FBMN. 
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Table 5.3. Summary of dysregulated metabolites between Rheumatic heart disease (RHD), aortic stenosis (AS) patients, and controls. 

Molecule name RT m/z HMDB ID MSI 

confidence 

level 

CV
(QC)

 ANOVA raw 

p.value 

FDR 

adjusted 

p value 

Post Hoc (Tukey’s 

HSD p<0.05) 

tryptophan 11.43 205.0962 HMDB0000929 2 0 <0.001 0.004 Controls-AS; RHD-AS 

Phenylacetylglutamine 13.72 265.1174 HMDB0006344 2 20 <0.001 0.004 Controls-AS; RHD-AS 

PE(20:4) 41.18 502.2923 HMDB0011517 3 23 <0.001 0.004 Controls-AS; RHD-AS; 

RHD-Controls 

PE(22:6) 41.50 526.2926 HMDB0011526 3 29 <0.001 0.005 RHD-AS; RHD-

Controls 

Indole-3-acetic acid 20.96 130.0642 HMDB0302181 2 30 <0.001 0.016 Controls-AS; RHD-AS 

Deoxycholate 40.59 357.2784 HMDB0000626 2 26 0.001 0.016 Controls-AS; RHD-AS 

Carnitine 2.06 161.5846 HMDB0000062 2 19 0.002 0.020 Controls-AS; RHD-AS 

Cortisol 26.12 363.2144 HMDB0000063 2 30 0.002 0.022 Controls-AS; RHD-AS 

4-hydroxy-2-oxo-Heptanedioic acid 2.32 191.0545 C05601 3 19 0.002 0.022 Controls-AS; RHD-AS 

3-Formylindole 19.94 146.0596 HMDB0029737 2 0 0.004 0.030 RHD-Controls 

PA(8:0/13:0) 34.59 512.3346 HMDB0115484 3 17 0.006 0.038 Controls-AS; RHD-AS 

Crotonic acid 1.85 85.0298 HMDB0010720 3 19 0.006 0.038 Controls-AS; RHD-

Controls 

2,4,7-Decatrienoic acid 1.69 187.0725 HMDB0035235 3 17 0.007 0.038 Controls-AS; RHD-AS 

Taurine 1.78 181.9649 HMDB0000251 2 19 0.007 0.038 Controls-AS; RHD-

Controls 

PS(16:0/16:0) 1.75 734.4912 HMDB0000614 3 21 0.007 0.038 Controls-AS; RHD-AS 

Propionylcarnitine 6.23 218.1391 HMDB0000824 2 0 0.008 0.038 Controls-AS; RHD-AS 

MG(0:0/20:3) 40.23 398.3282 HMDB0011545 3 16 0.008 0.039 RHD-Controls 

10-nitro-9-octadecenoic acid 30.71 328.2467 HMDB0062737 3 17 0.009 0.040 Controls-AS; RHD-AS 

Butyrylcarnitine 9.61 232.1534 HMDB0002013 2 16 0.010 0.041 Controls-AS; RHD-AS 

DG(a-15:0/i-12:0/0:0) 47.20 521.4223 HMDB0093443 3 16 0.011 0.047 Controls-AS; RHD-AS 
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LysoPC(18:1) 42.11 566.3257 HMDB0002815 2 16 0.012 0.048 RHD-Controls 

3-oxo-4-pentenoic acid 1.84 97.0282 LMFA01060166 3 23 0.017 0.062 RHD-Controls 

Methyl-2-decene-4,6,8-triynoate 1.65 190.9122 HMDB0033765 3 17 0.017 0.062 RHD-AS 

TG(15:0) 1.63 810.7893 HMDB0043801 3 30 0.018 0.062 RHD-Controls 

Stoloniferone L 39.57 445.3328 LMST01031098 3 26 0.021 0.067 RHD-Controls 

Tetradecanoylcarnitine 37.37 394.2950 HMDB0005066 3 30 0.025 0.076 RHD-Controls 

2,10-dihydroxy-4,6,8-decatriynoic acid 1.81 97.02925 LMFA01050235 3 30 0.030 0.088 RHD-Controls 

Cyclo(-prolyl-valyl) 12.84 197.1278 HMDB0240493 2 16 0.030 0.088 RHD-Controls 

LysoPE(0:0) 42.44 528.3096 HMDB0011494 3 26 0.033 0.092 RHD-Controls 

PE(P-16:0) 1.75 738.5738 HMDB0011356 3 21 0.035 0.093 Controls-AS 

Cer(d18:0) 1.71 696.6908 HMDB0011764 3 16 0.038 0.097 Controls-AS; RHD-AS 

2-Amino-4-hydroxy-3-methylpentanoic 

acid 

1.98 146.0822 HMDB0029449 3 4 0.046 0.101 Controls-AS; RHD-AS 

2-Hydroxy-4-(methylthio)butanoic acid 2.44 133.0320 HMDB0037115 3 26 0.047 0.101 Controls-AS; RHD-AS 

Lyso PC (16:1) 41.79 494.3221 HMDB0010383 2 16 0.047 0.101 RHD-Controls 

Ursodeoxycholic acid 40.19 357.2795 HMDB0000946 2 26 0.047 0.101 RHD-Controls 

PC(P-18:0) 1.71 796.6284 HMDB0011252 3 23 0.049 0.101 Controls-AS; RHD-AS 

*p value adjustment for multiple testing done with Benjamin-Hochberg false discovery rate (FDR) adjustment method. 
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5.3.3 Functional analysis of the perturbed metabolites 

Pathway analysis of metabolites changed between RHD and healthy controls 

Univariate chemometrics analysis of the annotated metabolites between RHD and controls 

indicated 22 annotated metabolites as significantly altered (log2FC>2, p<0.05) Table 5.4. 

Table 5.4. Summary of metabolites significantly changed between RHD and healthy controls indicating 
their corresponding pooled QC RSD (CVQC), fold changes (FC and log2FC), crude and FDR adjusted 
p value. 

Metabolite CV
QC
 FC Log2(FC) P Value FDR adj. p 

PE(20:4) 23 0.21 -2.28 0.001 0.022 
3-Formylindole 0 0.08 -3.59 0.001 0.022 
PE(22:6) 29 0.21 -2.27 0.002 0.022 
Tryptophan 0 0.27 -1.86 0.003 0.029 
MG(0:0/20:3) 16 5.25 2.39 0.006 0.046 
LysoPC(16:1) 16 0.31 -1.71 0.010 0.046 
Taurine 19 2.15 1.10 0.011 0.046 
LysoPC(18:1/0:0) 16 4.46 2.16 0.013 0.046 
2,6-nonadienoic acid 24 3.75 1.91 0.013 0.046 
Ursodeoxycholic acid 26 0.07 -3.84 0.014 0.046 
Crotonic acid 19 0.48 -1.05 0.017 0.048 
LysoPE(0:0/22:5) 26 0.46 -1.13 0.017 0.048 
Cyclo(prolyl-valyl) 16 0.42 -1.24 0.019 0.048 
2,4-dihydroxy-butanoic acid 22 0.15 -2.78 0.020 0.048 
Hexanoyl-Carnitine 17 0.21 -2.28 0.024 0.049 
13-Docosenamide 16 0.15 -2.70 0.025 0.049 
Valine 0 2.67 1.42 0.027 0.049 
Tetradecanoylcarnitine 30 0.41 -1.30 0.028 0.049 
Cer(d18:0/h26:0) 16 0.31 -1.69 0.029 0.049 
PC(18:4/P-18:1) 28 0.27 -1.89 0.030 0.049 
Inosine 23 0.37 -1.45 0.038 0.059 
Butyrylcarnitine 30 2.33 1.22 0.044 0.063 

 

Hierarchical clustering analysis of the annotated metabolites showed distinct perturbation 

patterns in RHD patients and healthy controls which may suggest a difference in metabolic 

processes (Figure 5.21). After enrichment analysis (Figure 5.22) some of the altered 

metabolites were impactfully and significantly mapped to linoleic acid metabolism (FDR adj. 

p<0.02). Furthermore, glycerophospholipid metabolism and taurine and hypotaurine 

metabolism pathways were impactfully mapped. However, these were not significant after 

multiple testing adjustment (FDR adj. p>0.05). In details, linoleic acid, and phosphatidylcholine 

(PC) were mapped to linoleic acid metabolism pathway and were elevated in RHD compared 
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to healthy controls (FC>2, p<0.05) (Figure 5.23A). In addition, Taurine was mapped to taurine 

and hypotaurine metabolism pathway and was increased in controls compared to RHD 

patients (Figure 5.23B). PC and LysoPC were mapped to glycerophospholipid metabolism 

and were significantly changed between RHD and controls (Figure 5.23C).  

 
Figure 5.21. Exploration of dysregulated metabolites in rheumatic heart disease. Heatmap with 
hierarchical clustering of samples based on significantly changed metabolites (p<0.05).
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Figure 5.22. Exploration of dysregulated metabolites in rheumatic heart disease. Pathway enrichment analysis map of the enriched pathways.



112 
 

 
Figure 5.23. Exploration of dysregulated metabolites in rheumatic heart disease. Perturbation patterns 

of the metabolites mapped to (A) linoleic acid metabolism, (B) taurine hypotaurine metabolism 

pathways, and (C) glycerophospholipid metabolism. 

Pathway analysis of metabolites changed between AS and healthy controls 

After comparing the metabolites altered between degenerative AS and healthy controls, 15 

metabolites were found to be significantly changed (Log2FC>2, p<0.05). The significant 

metabolites are summarised in Table 5.5 showing the corresponding pooled QC RSD, fold 

changes and the raw and FDR adjusted p values. 
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Table 5.5. Summary of metabolites significantly changed between AS and healthy controls indicating 
their corresponding pooled QC RSD (CVQC), fold changes (FC and log2FC), crude and FDR adjusted 
p value. 

Metabolite CVQC FC Log2(FC) P Value FDR adj. p 

PE(P-16:0/22:1) 21 4.15 2.05 0.002 0.056 

PA(8:0/13:0) 17 9.82 3.30 0.007 0.093 

Crotonic acid 19 2.25 1.17 0.010 0.093 

Undecylenic acid 30 3.41 1.77 0.015 0.093 

Palmitoylcarnitine 16 4.27 2.10 0.020 0.093 

Phenylacetylglutamine 20 22.25 4.48 0.022 0.093 

Isocaproic acid 26 6.00 2.58 0.023 0.093 

Taurine 19 0.22 -2.19 0.024 0.093 

Hexadec-2-enoyl carnitine 16 2.19 1.13 0.028 0.093 

Butyrylcarnitine 30 2.16 1.11 0.030 0.093 

PI(15:1/22:6) 23 0.09 -3.48 0.035 0.093 

Ornithine 16 3.07 1.62 0.038 0.093 

2,4-Hexadienyl acetate 26 2.44 1.28 0.042 0.093 

PC(18:4/P-18:1) 28 4.55 2.19 0.043 0.093 

2-Hydroxy-4-(methylthio)butanoic acid 26 7.80 2.96 0.046 0.093 

 

The hierarchical clustering of the perturbed metabolites showed a pattern of metabolites 

generally increased or decreased in the degenerative aortic stenosis compared to healthy 

controls (Figure 5.24). The functional analysis of the perturbed metabolites showed that the 

metabolites were impactfully mapped to glycerophospholipid metabolism pathway (FDR adj. 

p = 0.03) Figure 5.25. In addition, phosphatidylinositol signalling system and taurine and 

hypotaurine metabolism pathways were also impactfully mapped, however were not 

significant after multiple testing adjustment (FDR adj. p>0.05). Phosphatidylcholine and 

phosphatidate were increased in AS while phosphatidylinositol was decreased as compared 

to controls and the three metabolites were mapped to glycerophospholipid metabolism 

pathway (Figure 5.26). Furthermore, phosphatidate and phosphatidylinositol were mapped to 

phosphatidylinositol signalling system (Figure 5.27A). Taurine was decreased in AS 

compared to controls and was associated with taurine and hypotaurine metabolism pathway 

(Figure 5.27B)
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Figure 5.24. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Heat map with hierarchical clustering of significantly 
changed metabolites in AS and controls. 
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Figure 5.25. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Pathway enrichment analysis map of the enriched 
pathways. 
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Figure 5.26. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Perturbation patterns of the metabolites mapped to 
glycerophospholipid metabolism pathway. 
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Figure 5.27. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Perturbation patterns of the metabolites mapped to 
(A) phosphatidylinositol signalling system and (B) taurine hypotaurine metabolism pathways.
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Pathway analysis of metabolites changed between RHD and AS 

While comparing the metabolites detected between RHD and AS, 27 metabolites were 

significantly changed. The significantly changed metabolites are summarised in Table 5.6, 

showing their corresponding pooled QC RSD, fold changes, raw p value and FDR adjusted p 

value. 

Table 5.6. Summary of metabolites significantly changed between AS and RHD indicating their 
corresponding pooled QC RSD (CVQC), fold changes (FC and log2FC), crude and FDR adjusted p 
value. 

Metabolite CVQC FC Log2(FC) P Value FDR adj. p 

PE(20:4/0:0) 23 0.20 -2.30 <0.001 0.006 

DG(a-15:0/i-12:0/0:0) 16 0.20 -2.30 0.002 0.030 

Cortisol 30 0.31 -1.67 0.003 0.030 

PE(22:6/0:0) 29 0.17 -2.59 0.003 0.030 

Deoxycholate 26 0.05 -4.41 0.005 0.030 

4-hydroxy-2-oxo-heptanedioic acid 19 0.24 -2.08 0.006 0.030 

7alpha-hydroxy-3-oxo-4-cholestenoic acid 16 0.26 -1.95 0.007 0.033 

Butyrylcarnitine 16 0.16 -2.62 0.008 0.033 

PS(16:0/16:0) 21 0.32 -1.65 0.009 0.033 

Valine 17 0.39 -1.35 0.012 0.037 

10-nitro-9-octadecenoic acid 17 0.35 -1.50 0.013 0.037 

Propionylcarnitine 0 0.26 -1.92 0.013 0.037 

Cer(d18:1/22:1) 18 0.33 -1.59 0.014 0.038 

Inosine 23 0.15 -2.73 0.017 0.042 

PC(21:0/18:1) 26 0.24 -2.06 0.018 0.043 

Ursodeoxycholic acid 26 0.07 -3.88 0.019 0.043 

TG(15:0/o-18:0/15:0) 30 0.36 -1.46 0.020 0.043 

TG(18:0/i-22:0/i-24:0) 25 0.18 -2.50 0.020 0.043 

Acrylic acid 29 0.31 -1.69 0.027 0.052 

3-Formylindole 0 0.26 -1.96 0.027 0.052 

Acetoacetic acid 19 0.42 -1.25 0.030 0.055 

Methyl-2-decene-4,6,8-triynoate 17 0.46 -1.11 0.031 0.055 

PS(14:1/18:4) 29 0.18 -2.45 0.036 0.060 

Cer(d18:0/h26:0) 16 0.04 -4.57 0.042 0.067 

Creatine 0 0.11 -3.17 0.045 0.067 

Indolepropionic acid 23 0.31 -1.67 0.049 0.067 

5-Acetamidovalerate 16 0.27 -1.90 0.050 0.067 

The hierarchical clustering of the perturbed metabolites between RHD and degenerative AS 

did not show a clear clustering of the studied groups However, there was a group of 

metabolites that were generally elevated together (Figure 5.28). The perturbed metabolites 

were impactfully mapped to glycerophospholipid metabolism, and to synthesis and 

degradation of ketone bodies however their mapping was not statistically significant after 
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adjusting for multiple testing (Figure 5.29). Phosphatidylcholine, lysophosphatidylcholine and 

phosphatidylserine were generally elevated in degenerative AS compared to RHD patients 

(Figure 5.30). Valine and acetoacetate were mapped to valine, leucine and isoleucine 

degradation pathway while acetoacetate was also associated with synthesis and degradation 

of ketone bodies (Figure 5.31A & B). Valine and acetoacetate were generally elevated in 

degenerative AS compared to RHD patients. The changed metabolites mapped to different 

pathways apart from the glycerophospholipid and linoleic acid metabolism pathways which 

were highlighted in both cardiac conditions (Figure 5.32). 
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Figure 5.28. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Heat map with hierarchical clustering of significantly 
changed metabolites in RHD and AS. 
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Figure 5.29. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Pathway enrichment analysis map of the enriched 
pathways. 
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Figure 5.30. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Perturbation patterns of the metabolites mapped to 
glycerophospholipid metabolism pathway. 
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Figure 5.31. Exploration and functional analysis of perturbed metabolites in degenerative aortic stenosis. Perturbation patterns of the metabolites mapped to 
(A) valine, leucine and isoleucine degradation and (B) synthesis and degradation of ketone bodies pathways. 
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Figure 5.32. Top 5 pathways mapped by metabolites changed between RHD, AS, and healthy controls, 
*significantly mapped pathways (FDR adjusted p value <0.05). 

Integrative gene-metabolites interactions analysis of metabolites changed 

between RHD, AS and controls 

To further explore the functional relevance of the dysregulated metabolites in RHD, AS, and 

controls, gene-metabolite interaction was performed based on theoretical data of gene-

metabolite connections. Important genes (circles) and metabolites (squares) were selected 

based on the links between them (degree) and the number of shortest paths going through 

the nodes (betweenness centrality) (Figure 5.33).  
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Figure 5.33. Network exploration of Gene-metabolite interactions of dysregulated metabolites in RHD. 
Important nodes are annotated; genes (circles) and metabolites (squares) with 2 or more links to 
neighbouring nodes (degree≥2). 

Based on the univariate analyses, phosphatidylcholine, linoleic acid, ursodeoxycholic acid and 

taurine were depicted as some of the important metabolites and were centrally positioned in 

the gene-metabolite interaction network Table 5.7. The metabolites measured in the study 

were correlated to all the reported genes in literature that have been shown to control 

expression of enzymes involved in the pathways associated to the metabolites. The correlation 

intended to show genes and metabolites that would be important in the perturbations of the 

reported biomarkers. The findings indicate that, CYP3A5, GGT1, GGT7, GGT5, and 

PLA2G1B were some of the genes that showed a strong interaction with the important 

metabolites based on their number of interconnections and high number of short paths 

between nodes (Figure 5.34 and Table 5.7). The highlighted genes are potential targets for 

further experiments to validate the perturbed metabolites in RHD patients. 
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Table 5.7. RHD gene-metabolites interaction summary showing the degree centrality and betweenness 
of the metabolites and the interacting genes. 

ID Label Degree Betweenness 
C01595 Linoleic acid 24 539 

C00245 Taurine 8 161.5 

C07880 Ursodeoxycholic acid 4 235.5 

1577 CYP3A5 2 250 

2678 GGT1 2 54 

2686 GGT7 2 54 

2687 GGT5 2 54 

5319 PLA2G1B 2 34 

C00157 PC(16:0/16:0) 1 0 

The integrative analysis of the metabolites dysregulated between AS and healthy controls 

formed 2 subnetworks from the interacting genes (Figure 5.34 and Table 5.8). Bilirubin, 

taurine, and hydrocortisone were some of the main metabolites forming networks with GGT1, 

GGT5, GGT7 and GAD1.  
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Figure 5.34. Network exploration of Gene-metabolite interactions of dysregulated metabolites in AS. 
Important nodes are annotated; genes (circles) and metabolites (squares) with 2 or more links to 
neighbouring nodes (degree≥2). 
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Furthermore, the subnetwork 2 showed indoleacetic acid and L-Tryptophan as one of the 

important metabolites interacting with DDC gene in the network (Figure 5.34 and Table 5.8). 

The DDC gene controls expression of aromatic L-amino acid decarboxylase (AADC) which 

catalyses biosynthesis of dopamine and serotonin and metabolism of L-tryptophan to 

tryptamine. Serotonin has been reported to play an important role in the control of human 

cardiac contractile function, in addition metabolism of amino acids have been associated with 

proinflammatory processes in atherosclerosis.178,179 

Table 5.8. Aortic stenosis gene-metabolites interaction summary showing the degree centrality and 
betweenness of the metabolites and the interacting genes for subnetwork 1 and 2. 

ID Label Degree Betweenness 

Subnetwork 1 
C00486 Bilirubin 20 307 

C00245 Taurine 8 109.5 

C00735 Hydrocortisone 4 11.5 

2678 GGT1 3 43.25 

2686 GGT7 3 43.25 

2687 GGT5 3 43.25 

2571 GAD1 2 1.25 

Subnetwork 2 

C00078 Tryptophan 6 30 

C00954 Indoleacetic acid 3 15 

1644 DDC 2 18 

The metabolites that were perturbed between AS and RHD were analysed to determine their 

metabolite-gene interactions profile (Figure 5.35). The genes for metabolite-gene interactions 

were obtained from the MetaCyc database.  
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Figure 5.35. Network exploration of Gene-metabolite interactions of dysregulated metabolites between 
AS and RHD. Important nodes are annotated; genes (circles) and metabolites (squares) with links to 
neighbouring nodes. 

The network analysis indicated propionylcarnitine, creatine and carnitine as some of the 

important metabolites with interactions with genes CRAT, CKM, CKMT1B, CKMT2, CKB and 

GAMT (Figure 5.35 and Table 5.9). 

Table 5.9. Aortic stenosis and RHD gene-metabolites interaction summary showing the degree 
centrality and betweenness of the metabolites and the interacting genes. 

ID Label Degree Betweenness 
C03017 Propionylcarnitine 5 15 

C00300 Creatine 5 10 

1384 CRAT 2 7 

1158 CKM 2 1.5 

1160 CKMT2 2 1.5 

1152 CKB 2 1.5 

1159 CKMT1B 2 1.5 

2593 GAMT 1 0 

C00318 Carnitine 1 0 

5.3.4 Discriminant analysis of perturbed metabolites in AS, RHD and 

controls while adjusting for covariates 

Rheumatic heart disease and healthy controls 

To obtain metabolites capable of differentiating RHD from healthy controls, a univariate ROC-

AUC analysis showed 14 metabolites with good predictive capabilities. Of the 14 metabolites 

with discriminant capabilities, 7 metabolites were generally not affected by sex, age, race, 
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BMI, hypertension, diabetes, or the batch effects (covariates adj. p <0.05) Table 5.10. 

Furthermore, a multivariate ROC-AUC analysis showed a group of 5 metabolites as having 

the best discriminative model, AUC= 0.74 [0.5-0.94] Figure 5.36A. Based on the predicted 

class probabilities analysis of the 5-metabolites model, it had a good sensitivity, 0.82[0.69-

0.95] and specificity 0.69[0.46-0.91] Figure 5.36B. Ursodeoxycholic acid, 

Ceramide(18:0/26:0), and dihydroxybutanoic acid were robust predictive biomarkers of RHD 

and controls since they had >60% chance of being selected when building the model and were 

generally not affected by the covariates (Figure 5.37 and Table 5.10). 

Table 5.10. Serum metabolites significantly changed and capable of differentiating RHD from controls 
and their significance levels re-tested after adjusting for covariates (sex, age, race, BMI, hypertension, 
diabetes, and batch effects) using multiple linear regression model, (*metabolites that remained 
significant after covariates adjustments and with AUC ≥0.7). 

Metabolite p value FDR adj. p Covariates 
adj. p AUC 

PE(20:4/0:0) 0.001 0.022 0.036 0.76* 

3-Formylindole 0.001 0.022 0.003 0.74* 

PE(22:6/0:0) 0.002 0.022 0.077 0.71 

Tryptophan 0.003 0.029 0.033 0.74* 

MG(0:0/20:3/0:0) 0.006 0.046 0.018 0.74* 

LysoPC(18:1/0:0) 0.013 0.046 0.101 0.74 

2,6-nonadienoic acid 0.013 0.046 0.081 0.73 

Ursodeoxycholic acid 0.014 0.046 0.031 0.76* 

Crotonic acid 0.017 0.048 0.087 0.71 

LysoPE(0:0/22:5) 0.017 0.048 0.056 0.73 

2,4-dihydroxy-butanoic acid 0.020 0.048 0.023 0.82* 

Tetradecanoylcarnitine 0.028 0.049 0.073 0.78 

Cer(d18:0/h26:0) 0.029 0.049 0.008 0.76* 

PC(18:4/P-18:1) 0.030 0.049 0.077 0.71 
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Figure 5.36. Discriminatory metabolites between RHD and HC. (A) multivariate area under - receiver operator curve (AUC-ROC) model based on 5 metabolites. 
(B) The diagnostic model predicted class probabilities classification of the RHD and controls. 

.
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Figure 5.37. Discriminatory metabolites between RHD and HC. 15 metabolites with best predictive 

capabilities based on their frequency of selection to build the AUC-ROC multivariate model. 

Degenerative aortic stenosis and healthy controls 

In addition, metabolites capable of discriminating AS from controls were analysed where 14 

metabolites were potential diagnostic biomarkers (ROC-AUC>0.7) Table 5.11. Of the 14 

discriminatory metabolites, 4 metabolites were shown to be robust biomarkers that remained 

significantly different after adjusting for sex, age, race, BMI, hypertension, diabetes, and batch 

effects (covariates adj. p<0.05) Table 5.11. A multivariate diagnostic analysis showed that a 

set of 10 metabolites had the best capability of forming a diagnostic model (AUC=0.88) Figure 

5.38A. Furthermore, the model’s predicted class probabilities for classifying degenerative AS 
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and controls had very good predictive capabilities as shown by the sensitivity 1[1-1] and 

specificity 0.75[0.54-0.96] Figure 5.38B. Of the 10 metabolites forming the multivariate 

predictive model, PE(P-16:0/22:11) palmitoylcarnitine, isocaproic acid, taurine and lysoPC 

were best model performers based on their frequency of selection to form the predictive model 

(Figure 5.39). Besides their performance into the predictive model, palmitoylcarnitine, 

isocaproic acid, and taurine had also shown to be robust discriminating biomarkers after 

adjusting for the covariates (Table 5.11). 

Table 5.11. Serum metabolites significantly changed and capable of differentiating AS from controls 
and their significance levels re-tested after adjusting for covariates (sex, age, race, BMI, hypertension, 
diabetes, and batch effects) using multiple linear regression model, (*metabolites that remained 
significant after covariates adjustments and with AUC ≥0.7). 

Metabolite p value 
FDR adj. 

p 
Covariates 

adj. p 
AUC 

PE(P-16:0/22:1) 0.002 0.056 0.513 0.79 

PA(8:0/13:0) 0.007 0.093 0.109 0.67 

Crotonic acid 0.010 0.093 0.179 0.78 

Undecylenic acid 0.015 0.093 0.514 0.74 

Palmitoylcarnitine 0.020 0.093 0.009 0.74* 

Phenylacetylglutamine 0.022 0.093 0.485 0.65 

Isocaproic acid 0.023 0.093 0.007 0.78* 

Taurine 0.024 0.093 0.006 0.68* 

trans-Hexadec-2-enoyl carnitine 0.028 0.093 0.571 0.78 

Butyrylcarnitine 0.030 0.093 0.141 0.77 

PI(15:1/22:6) 0.035 0.093 0.428 0.75 

Ornithine 0.038 0.093 0.008 0.81* 

2,4-Hexadienyl acetate 0.042 0.093 0.880 0.72 

2-Hydroxy-4-(methylthio)butanoic acid 0.046 0.093 0.701 0.72 
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Figure 5.38. Discriminatory metabolites between AS and HC. (A) multivariate area under - receiver operator curve (AUC-ROC) model based on 10 metabolites. 
(B) The diagnostic model predicted class probabilities classification of the AS and controls. 
.
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Figure 5.39. Discriminatory metabolites between AS and HC. 15 metabolites with best predictive 
capabilities based on their frequency of selection to build the AUC-ROC multivariate model. 

 

Degenerative aortic stenosis and rheumatic heart disease 

To investigate whether the metabolites would differentiate between degenerative AS and 

RHD, the metabolites changed between the two groups were analysed with univariate and 

multivariate AUC-ROC analysis. The univariate discriminative analysis indicated 20 

metabolites as being potential biomarkers to differentiate AS from RHD patients. Of the 20 

metabolites, 8 metabolites remained significantly different after adjusting for age, sex, race, 

BMI, hypertension, diabetes, and batch effects (covariates adj. p <0.05) Table 5.12. The 

multivariate ROC-AUC analysis showed a set of 10 metabolites as having the capabilities of 
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classifying the RHD and AS however the model had a large confidence interval AUC = 0.76, 

[95% CI 0.32 – 1] Figure 5.40A. A large confidence interval indicates that the AUC have lower 

accurate inference in the group classification and cannot be reliable in differentiating the 

groups. In future, similar studies should include large sample sizes to validate the reported 

biomarkers. Despite the limitation, based on the predicted class probabilities, the model had 

a very good sensitivity 0.82, [95% CI 0.69-0.95] and specificity 0.89, [95% CI 0.68 – 1] Figure 

5.40B. Of the 10 metabolites selected to build the predictive model, acetylcarnitine, PS(32:0), 

lysoPE(17:0), and butyrylcarnitine were among the best predictors based on their frequency 

of selection to build the predictive model (Figure 5.41). 

Table 5.12. Summary of metabolites significantly changed and capable of differentiating AS from RHD 
and their significance levels re-tested after adjusting for covariates (sex, age, race, BMI, hypertension, 
diabetes, and batch effects) using multiple linear regression model, (*metabolites that remained 
significant after covariates adjustments and with AUC ≥0.7). 

Metabolite p value FDR adj. p Covariates adj. p AUC 

PE(20:4/0:0) <0.001 0.006 0.008 0.78* 

DG(a-15:0/i-12:0/0:0) 0.002 0.030 0.044 0.81* 

Cortisol 0.003 0.030 0.014 0.74* 

PE(22:6/0:0) 0.003 0.030 0.313 0.76 

Deoxycholate 0.005 0.030 0.208 0.85 

7alpha-hydroxy-3-oxo-4-cholestenoic acid 0.007 0.033 0.048 0.75* 

Butyrylcarnitine 0.008 0.033 0.593 0.82 

PS(32:0) 0.009 0.033 0.038 0.72* 

Valine 0.012 0.037 0.005 0.77* 

10-nitro-9-octadecenoic acid 0.013 0.037 0.291 0.72 

Propionylcarnitine 0.013 0.037 0.355 0.73 

Cer(d18:1/22:1) 0.014 0.038 0.138 0.71 

PC(21:0/18:1) 0.018 0.043 0.057 0.78 

TG(15:0/o-18:0/15:0) 0.020 0.043 0.148 0.79 

TG(18:0/i-22:0/i-24:0) 0.020 0.043 0.093 0.79 

3-Formylindole 0.027 0.052 0.979 0.72 

Acetoacetic acid 0.030 0.055 0.004 0.73* 

Methyl-2-decene-4,6,8-triynoate 0.031 0.055 0.201 0.78 

Cer(d18:0/h26:0) 0.042 0.067 0.138 0.78 

Creatine 0.045 0.067 0.002 0.75* 
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Figure 5.40. Discriminatory metabolites between AS and RHD. (A) multivariate area under - receiver operator curve (AUC-ROC) model based on 10 
metabolites. (B) The diagnostic model predicted class probabilities classification of the AS and RHD. 
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Figure 5.41. Discriminatory metabolites between AS and RHD. 15 metabolites with best predictive 
capabilities based on their frequency of selection to build the multivariate AUC_ROC model. 

5.3.5 Correlation of cardiac remodeling parameters with changed 

metabolites in RHD and degenerative AS  

Some of the metabolites changed between RHD and AS showed association with the CMR 

parameters of cardiac remodeling (LVMI, LA area and LVEF). Of the 26 metabolites different 

between RHD and AS, 7 metabolites showed a significant association with the CMR cardiac 

remodeling parameters while adjusting for covariates (Table 5.13).  
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Table 5.13. Summary of metabolites significantly changed between RHD and degenerative AS and 
their Pearson’s correlation analyses with LVEF, LVMI and LA area after adjusting for sex, age, race, 
BMI, hypertension, diabetes, and batch effects. 

Metabolite 
p 

value 
FDR 

adj. p 
Covariates 

adj. p 
LVEF 

(r) 
p 

value 
LVMI 

(r) 
p 

value 

LA 
area 
(r) 

p 
value 

PE (20:4/0:0) <0.001 0.006 0.008 0.24 0.162 -0.10 0.575 -0.48 0.005 

PE (22:6/0:0) 0.003 0.030 0.312 0.22 0.202 -0.19 0.278 -0.34 0.047 

Acrylic acid 0.027 0.052 0.001 0.30 0.083 0.35 0.039 -0.22 0.196 

3-Formylindole 0.027 0.050 0.979 -0.37 0.028 -0.25 0.145 0.05 0.759 

PS (14:1/18:1) 0.036 0.060 0.653 -0.41 0.015 -0.02 0.887 0.08 0.637 

Creatine 0.045 0.067 0.002 0.31 0.071 0.34 0.045 -0.20 0.253 

Indolepropionic 
acid 

0.049 0.067 0.231 -0.20 0.255 -0.33 0.053 0.16 0.357 

Specifically, LVMI showed a weak positive association with acrylic acid (r= 0.35, p = 0.039) 

and creatine (r = 0.34, p = 0.045), but there was a negative association with indolepropionic 

acid (r = -0.33, p = 0.053). In addition, LVEF was negatively associated with the 3-formylindole 

(r = -0.37, p = 0.028) and PS (14:1/18:1) (r = -0.41, p = 0.015). The LA area showed a negative 

association with the phosphatidylserine molecular species metabolites. The described 

correlations are summarised is scatter plots represented in Figure 5.42 to Figure 5.45. 

 
Figure 5.42. Correlation of the left ventricular mass index (LVMI) with indolepropionic acid in RHD and 
degenerative AS while adjusting for sex, age, race, BMI, hypertension, diabetes, and batch effects. 
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Figure 5.43. Correlation of LVMI with (A) acrylic acid and (B) creatine in RHD and degenerative AS 
while adjusting for sex, age, race, BMI, hypertension, diabetes, and batch effects. 
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Figure 5.44. Correlation of LA area with (A) phosphatidylethanolamine (20:4) and (B) 
phosphatidylethanolamine (22:6) in RHD and degenerative AS while adjusting for sex, age, race, BMI, 
hypertension, diabetes, and batch effects.



142 
 

 
Figure 5.45. Correlation of left ventricle ejection fraction (LVEF) with (A) 3-formylindole and (B) 
phosphatidylserine (14:1) in RHD and degenerative AS while adjusting for sex, age, race, BMI, 
hypertension, diabetes, and batch effects.
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5.4 Discussion 

To the best of my knowledge this is the first study exploring metabolic markers in RHD and 

comparing it with markers in degenerative AS. In this study untargeted metabolomics was 

successfully applied in determining differential metabolites with biological relevance and their 

associated genes in patients with severe RHD, degenerative AS against controls. Further, 

markers with excellent ROC-AUC, specificity, and sensitivity were described as potential 

diagnostic markers to differentiate RHD from degenerative AS and controls. Linoleic acid 

metabolism was suggested to be associated with RHD when compared to controls. The 

metabolites dysregulated between degenerative aortic stenosis and controls and between 

RHD and AS were associated with glycerophospholipid metabolism pathway. In addition, the 

study suggested that clinical baseline characteristics affect reliability of potential diagnostic 

biomarkers but there exist robust markers that are stable to effects of clinical parameters. 

Patients with VHD due to chronic RHD require valve replacement surgery as it is the only 

reliable remedy. However, in SSA the lifesaving services are not readily accessible.180 RHD 

patients tends to require valve replacement at a fairly young age as compared to degenerative 

AS157 and the symptoms only presents when there is severe damage of the valves. 

Furthermore, there is no therapeutic target to halt progression of valve damage. Derangement 

of linoleic acid metabolism and the arachidonic acid metabolism was found when patients with 

RHD were compared to the controls. There were no metabolomics studies on RHD to validate 

these findings however, linoleic acid is a precursor to arachidonic acid metabolism which plays 

an important role in mediation of inflammation.181 Furthermore, phosphatidylcholines can be 

metabolised as a source of arachidonic and linoleic acid and specific PCs were elevated in 

RHD patients as compared to controls.181 Linoleic acid on the other hand is a vital 

polyunsaturated fatty acid which is a precursor for arachidonic acid which is released upon 

tissue injury or irritation and promotes elevated inflammation.181 Chronic RHD is a sequela of 

repeated acute rheumatic fever due to infection with Group A Streptococcus that induces an 

autoimmune response to cardiac proteins.182 There is evidence of continued assault to the 
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tissue though the stimulation of CD4+ T cells that recognise the M protein and the cardiac 

proteins and elevated C-reactive proteins in chronic RHD.182–184 The reported findings on 

continued inflammation in chronic RHD corroborates this study’s findings where anti-

inflammatory metabolites were decreased while pro-inflammatory metabolites were elevated 

in RHD patients compared to controls. Valine, leucine and isoleucine biosynthesis and 

degradation pathways were shown to be altered in patients with RHD. Specifically, valine was 

elevated in RHD while tiglyl-CoA, a by-product of isoleucine degradation was decreased. 

Dysregulation of branched chain amino acids (BCAA) has also been reported in myxomatous 

valve disease and calcific aortic stenosis.18,101 The observed elevation of branched chain 

amino acids (BCCAs) in RHD may suggest dysregulated BCAA catabolic processes in RHD 

and elevation of inflammatory metabolic processes. Accumulation of BCAAs have been shown 

to cause a chronic induction of mTOR activity and was associated with cardiac hypertrophy 

and suppression of autophagy.185 Further, changes in the BCAA metabolism and catabolism 

are a hallmark for metabolic shifts in a failing heart.18,186 Patients with severe RHD often 

present with mitral valve disease, reduced LVEF, and dilated LA with complications of cardiac 

hypertrophy, embolic stroke, and heart failure.187 The gene-metabolite interaction showed 

metabolites (linoleic acid, cholic acid, ursodeoxycholic acid, taurine, and beta-D-glucose) and 

genes (SOAT1 and LCT) as being associated in a network. The gene SOAT1 codes for sterol 

O-acyltransferase that controls transport of cholesterol.188,189 Cholic acid and ursodeoxycholic 

acid are bile acids made from cholesterol190, taurine is involved in the bile acids conjugation 

and is shown to influence the cholesterol uptake.191 Some of the sterol esters are made from 

sterols and requires the acetyl-CoA from the glycolytic pathway.192 

Lipid accumulation, calcification and inflammation are central to be the aetiopathogenesis of 

degenerative AS.193 Advanced age, elevated BMI, dyslipidaemia, and hypertension are some 

of the risk factors associated with aetiology of degenerative AS. We observed dysregulation 

of glycerophospholipid and glycerolipid metabolism pathways among degenerative AS 

patients as compared to controls. Dysregulation of phospholipids, lysophosphatidic acid and 
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antioxidants linked to lipid metabolism have previously been reported in calcific AS.109,194,195 

Phosphatidylcholine, phosphatidic acid, 5,6-DHET were reported as elevated in degenerative 

AS patients compared to the controls. The phospholipids and eicosanoids have been reported 

in calcific AS valve and have been associated with inflammation.15,196,197 Eicosanoids are 

elevated in AS patients with minimal LV reverse remodelling post-aortic valve replacement.15 

Taken together, the findings suggest dysregulation of inflammatory processes in degenerative 

AS patients. We observed degenerative AS patients to have increased left ventricular 

myocardium mass index indicating LV hypertrophy. Previous studies have reported the 

profound shifts in metabolism of strained/hypertrophied hearts from fatty acids oxidation to 

glucose utilisation.198–201 The findings may suggest derangement in energy metabolism 

processes in patients with degenerative AS. 

RHD and degenerative AS have distinct aetiopathogenesis yet both present with valve 

stenosis; predominantly due to fibrosis in RHD and calcification in degenerative AS however 

there are isolated cases of calcification in RHD.202,203 Whether calcification in RHD follows 

similar processes to that seen in atherosclerosis and degenerative AS remains to be 

understood.3 Metabolic profiles in degenerative AS have extensively been studied15,99–101,109, 

yet there are no studies that have reported on the metabolic processes in RHD. Our study 

showed the dysregulated metabolites as mostly associated with glycerophospholipid 

metabolism where phosphatidylcholine, phosphatidylserine, and 

lysophosphatidylethanolamine tended to be elevated in AS compared to RHD and controls. 

The phospholipids especially PC are abundant membrane lipids and form the monolayer of 

the HDL particles, that directly controls cholesterol transport.204  Further, the dysregulation of 

the PC and the lysoPC may affect free fatty acid metabolism which has been associated with 

proinflammation and formation of atherosclerotic plaques.205,206 From the histopathological 

assessment, features of inflammation were mostly associated with RHD while degenerative 

AS was associated with fibrosis and collagen deposition. PCs has been reported to be reduced 

in cases of myocardial infarction compared to coronary artery disease cases with 
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atherosclerotic plaques.205 Accumulation of glycerophospholipid species metabolites are 

protective against oxidative stress due to their antioxidant characteristics and reduced levels 

may indicate heightened oxidative stress levels.205 There has been a strong relationship 

between phospholipids and oxidised phospholipids and the extent of calcification in 

cardiovascular diseases. However, the exact mechanism is not well understood. In other 

studies, PCs has shown contradicting trends depending on the PC moiety; a strong correlation 

with calcification was however reported.207,208 LysoPC has been shown to mediate calcification 

through the activation of NF-kB/IL-6/BMP pathways in human valve interstitial cells.196 The 

phospholipids dysregulation indicates shifts in energy metabolism through the production of 

acetyl-CoA that leads to ATP production through the TCA cycle.209 Failing hearts are shown 

to shift their preference from fatty acids oxidation to glycolytic pathways which would explain 

the accumulation in AS of the phospholipids that are precursors to acetyl-CoA synthesis from 

the glycerophospholipid metabolism pathway.209 The suggested changes in fatty acids and 

energy metabolism was further reinforced by the gene-metabolite interaction findings that 

showed enrichment to fatty acid biosynthesis and amino acid metabolic processes. The fatty 

acids and amino acid metabolic processes derangements have been reported before mostly 

in AS.18,99–101,109 

As per the WHF and ACC/AHA guidelines, RHD and AS is characterised through patient’s 

symptoms, valve anatomy, the hemodynamics, and the blood biomarkers.9,10,116 However, it 

is difficult to detect VHD in asymptomatic patients and the diagnosis requires specialised 

personnel and equipment which are not always readily available especially in resource limited 

regions.116,210 Metabolomics studies have proposed potential diagnostic biomarkers in 

cardiovascular diseases especially calcific AS.14,15,18,109,211; Formate and lactate are potential 

diagnostic biomarkers in differentiating patients with mitral valve stenosis and regurgitation 

from controls.18 Further, a panel of diagnostic metabolites associated with NO metabolism 

have been reported to distinguish severe AS patients from controls.109 To differentiate RHD 

from the controls, a panel of 10 metabolites showed very good sensitivity and specificity. Of 
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the 10 metabolites, 13-docosenamide and cholic acid were the best performers. There were 

no studies to contrast these findings however, 13-docosenamide was reported elevated in a 

metabolomics study on patients with psoriasis vulgaris which is a condition characterised with 

chronic inflammatory cells infiltration.212 Cholic acid on the other hand is a primary bile acid 

made from cholesterol catabolism pathway for excretion. Decreased levels of bile acid 

excretion have been associated with cases of atherosclerosis in patients with coronary artery 

disease.213,214 Cholic acid was reported elevated in controls as compared to RHD patients. To 

differentiate AS from controls, 3-oxo-5S-amino-hexanoic acid, palmitoylcarnitine and 

acylcarnitine were best performers and they were all elevated in AS. Amino-oxohexanoate is 

an intermediate in lysine degradation pathway; lysine is important in calcium absorption. 

Lysine is elevated in AS patients compared to controls.101 Acylcarnitines and 

palmitoylcarnitines play an essential role in fatty acids transport into the mitochondria during 

beta-oxidation. Like our findings, acylcarnitine was reported elevated in AS and could 

differentiate calcific AS patients from controls.109 To the best of my knowledge no other studies 

have explored diagnostic biomarkers between RHD and AS. A panel of 10 metabolites 

demonstrated very good sensitivity and specificity to differentiate RHD from AS. 

Phosphatidylserine (PS), lysophosphatidylethanolamine (lysoPE) and valine were the best 

biomarkers elevated in AS compared to RHD. Valine has been reported elevated in AS than 

controls.101 On the other hand, PS and lysoPE are phospholipids that are metabolised to 

lysophosphatidic acid which was reported as a distinctive marker in controls and calcific AS 

and was elevated in AS than controls.109 The PCA and PLS-DA features exploration analysis 

showed AS to be similar to controls suggesting RHD had greater perturbations in metabolic 

processes. To determine the effect of the comorbidities on the robustness of the diagnostic 

biomarkers, the metadata adjustment analysis indicated that comorbidities influence the 

significance levels of the diagnostic biomarkers. It is therefore important to ensure that the 

recruited participants in metabolomics studies are matched on their comorbidities.  
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RHD mainly presents with pure mitral regurgitation or plus aortic regurgitation while 

degenerative AS primarily presents with aortic stenosis.10,157,215 Consequently, these leads to 

the RHD patients presenting with decreased LVEF and hypertrophied LV; while AS presents 

with normal LVEF, hypertrophied LV and dilated LA.216–218 Of the 7 metabolites that showed 

significant correlation with LVEF, LVMI and LA area, 3 metabolites (PE (20:4/0:0), acrylic acid, 

and creatine) were different between RHD and AS and their differences were largely 

independent of the covariates. Creatine showed correlation with LVMI, and it is known to be a 

key source of immediate energy by rapidly synthesising ATP.219 Elevated levels of creatine 

have been reported elsewhere to be associated with increased LV systolic pressure.219 In this 

study there was a positive correlation between creatine and LVMI which may suggest that as 

the valve pathology worsened the heart needed to pump harder and therefore requiring a 

quick supply of ATP through increased levels of creatine. In addition, acrylic acid showed a 

positive correlation with LV mass index. Previous studies on the synthetic acrylic acid showed 

cardioprotective capabilities by suppressing the inflammatory and cell apoptosis responses.220 

As to whether the acrylic acid detected in this study had been used to facilitate cardiovascular 

drugs delivery as polyacrylic acid platform221 is beyond the scope of this study. In this study, 

elevated LA correlated with decreased levels of PE (20:4/0:0). In human liver, 

phosphatidylethanolamine is methylated into phosphatidylcholine.222 Through gut microbiome 

mediated processes phosphatidylcholine is converted to trimethylamine (TMA) that is 

associated with heightened formation of foam cells, atherosclerosis, and calcification.223,224 In 

this study, there could have been an increased uptake of phosphatidylethanolamine used to 

form phosphatidylcholine that might have led to calcifications reported in degenerative AS 

patients who had dilated left atrium. 

5.5 Limitations 

Based on the study design and ethical issues, this study could not determine whether identified 

potential biomarkers were causal or only associated with the diseases studied. Therefore, 

further longitudinal studies using in vitro or in vivo models are warranted to determine the 
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causality effect of the reported metabolites and pathways. With regards to the integration 

analysis of the gene-metabolite interactions there is a limitation since the data-driven 

integration depends on the data available in the databases. Furthermore, tissue specific were 

not readily available especially the genetics and metabolomics data. The limited depth of the 

integration data makes it challenging to interpret and draw conclusions on the findings. The 

features reported here were annotated to MSI confidence levels 2 and 3; future studies should 

consider using pure standards of the reported features to quantify the magnitude of the 

changed metabolites. Furthermore, this was an explorative study from one centre. Therefore, 

multicentre studies with larger cohorts and multiple analytic platforms are required to validate 

the described potential diagnostic metabolic biomarkers and pathways. 

5.6 Concluding remark 

In conclusion, the current study is the first to describe metabolic biomarkers expressed in 

poorly studied valvular heart disease (rheumatic heart disease and aortic stenosis) in SSA. 

Method development pilot experiments  

From the pilot experiments, we observed that the choice of the extraction solvents is 

dependent on the samples being analysed and the metabolome being targeted. In addition, 

we have demonstrated that it is important to perform pilot experiments to optimise untargeted 

metabolomics pipeline parameters since the conditions are not universal. 

Study experiments  

The study experiments and observations described untargeted metabolomics biomarkers that 

distinguished RHD and AS from healthy controls and described metabolic pathways affected 

in VHD patients requiring valve replacement surgery. The results suggested that perturbation 

of several metabolites in RHD and AS associated with energy metabolism, amino acids 

regulation, and immune response regulation. Linoleic acid metabolism and 

glycerophospholipid metabolic pathways were some of the key pathways affected in RHD and 

AS patients. Furthermore, we report on metabolites that are associated with valve calcification, 
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cardiac function, and altered pathological parameters in RHD and AS patients. We believe 

these findings should allow for planning of larger longitudinal cohort studies to allow targeted 

assessment of the   protective and causal mechanisms of the reported metabolic biomarkers. 

5.7 Contributions and acknowledgements 

The blood samples were collected from patients undergoing valve replacement surgery at the 

Christiaan Barnard Division of Cardiothoracic Surgery, Groote Schuur Hospital, Cape Town 

after recruitment and consenting by D Mutithu assisted by Dr R Manganyi, O Aremu, and Dr 

E Lumngwena. The healthy control samples were obtained from participants without VHD 

recruited at the University of Cape Town. The healthy controls were recruited and consented 

by D Mutithu assisted by O Aremu, and Dr E Lumngwena. The clinical data was collected and 

curated by D Mutithu and reviewed by Prof N Ntusi. The samples were processed by D 

Mutithu. The LC-MS/MS experiments were performed by D Mutithu assisted by A Evans. The 

data was processed and statistically analysed by D Mutithu and reviewed by Prof J Kirwan. 
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Chapter 6 

6 TISSUE SPECIFIC METABOLIC BIOMARKERS IN 

RHEUMATIC HEART DISEASE AND 

DEGENERATIVE AORTIC STENOSIS PATIENTS5 

6.1 Introduction 

In SSA, the leading causes for VHD patients requiring valve replacement are RHD, BAV, and 

degenerative AS.225,226 There exist methods for diagnosing RHD or degenerative AS however, 

at present there is no methods that can be used for early detection and predict disease 

progression. 

Metabolomics reports on the changes in the metabolome within a biological system. It has 

been shown that metabolomics is valuable in understanding the diseases processes and 

pathomechanisms due to its proximity to the organism’s physiology.19,227 Metabolomics 

techniques exist used to perform spatial localisation of metabolic biomarkers which is akin to 

molecular tissue typing to investigate the microenvironments on the studied tissues.228–230 RHD 

and degenerative AS have distinct pathophysiological features with the RHD dominated by 

myxoid change, and collagenation while degenerative AS mostly has features of fibrosis and 

calcification.154,231 At the microenvironment level, the physiological changes are preceded by 

changes in metabolome of the affected cells. It is therefore expected that different regions of 

pathology would have different metabolic signatures.230 

Most of the biomarkers reported in metabolomics have not found use at the bedside as 

diagnostic or prognostic biomarkers.232 One of the approaches to ensuring that the identified 

 
5This chapter is based on a manuscript:  
Mutithu, D. W., Kirwan, J. A., Adeola, H. A., Aremu, O. O., Lumngwena, E. N., Familusi, M., ... & Ntusi, 
N. A. (2024). Major energetic metabolites associated with echocardiographic and histological features 
of aortic and mitral valve disease [Unpublished manuscript]. Department of Medicine, University of Cape 
Town, Cape Town, South Africa. 
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biomarkers find their way to the bedside is conducting correlation assessments with the clinical 

parameters. Several studies have explored the correlations of the metabolic biomarkers with 

the clinical parameters in cardiovascular diseases.19,233–235 However, few studies have reported 

on the metabolic biomarkers detected on the heart valves in RHD patients with single or double 

valve replacement and degenerative AS patients. Even fewer studies have reported on the 

spatial localisation of the potential metabolic biomarkers detected in the tissue’s 

homogenates.228,229,236  

Therefore, in this chapter we aimed to determine the tissue specific biomarkers detected in the 

homogenates of aortic and mitral valves. The samples were obtained from RHD patients 

having single (mitral valve only) or double (mitral and aortic valves) valve replacement and 

degenerative AS patients (aortic valve only). The biomarkers were analysed using untargeted 

metabolomics approach with UPLC-QTOF-MS. The detected biomarkers were correlated to 

the TTE and CMR parameters of valvular heart disease. 

6.2 Methods 

6.2.1 Study population 

The VHD patients described in chapter 4.3.1 were used in this chapter. However, metabolites 

were extracted from valve biopsies obtained from patients who had valve replacement surgery. 

RHD and AS patients scheduled to undergo valve replacement surgery at the Division of 

Cardiothoracic Surgery were recruited from the Cardiac Clinic Groote Schuur Hospital, Cape 

Town. Patients were classified as either RHD or degenerative AS based on TTE and CMR as 

previously reported. The samples were divided into RHD with single valve replacement (RHD 

1 - mitral valve only); RHD patients with mitral and aortic valve replacement (RHD 2 - mitral 

and aortic valve); and degenerative AS - aortic valve only. The study was conducted in 

accordance with the principles of the Declaration of Helsinki; and was reviewed and approved 

as described in sections 3.1.1 and 3.2.1. The inclusion and exclusion criteria were as described 

in section 3.2.1. 
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6.2.2 Sampling and processing 

Valve fragments were collected from RHD and AS patients while undergoing valve 

replacement surgery at the Division of Cardiothoracic Surgery. The valve biopsies were 

collected as detailed in section 3.2. During the analysis, valve aliquots were thawed on ice. 

The valve biopsies quality control (pooled QC) samples were prepared as described in section 

3.2.6. The pooled QCs were then re-frozen together with the samples until analysis. The 

metabolites were extracted from the valves as detailed in section 3.2.6, metabolites extraction 

methods. After extraction, the samples were injected onto the UPLC column as detailed in 

section 3.2.7. The mobile phase A was composed of HPLC grade water and mobile phase B 

was composed of a mixture of 100% acetonitrile and methanol (1:1, v/v) and modified with 2 

mM ammonium formate and 0.1% formic acid. The mobile phase was run at a 60-minute 

gradient at a rate of 0.4 mL/min and autosampler set as detailed in section 3.2.7. Data was 

acquired in positive ionisation mode on a Sciex X500R Q-TOF mass spectrometer operated 

with Sciex OS software ver.1.4 (Sciex, USA) with dual ESI ion source system. After calibration, 

data was collected using data dependent acquisition (DDA) mode as detailed in section 3.2.7. 

6.2.3 Data processing of LC-MS/MS data and statistical analysis 

Raw positive mode LC-MS/MS data were processed with MS-Convert in ProteoWizard 

3.0.1908 126 and MS-DIAL 4.38 96 as detailed in section 3.2.8. The specific parameters for this 

chapter are described in details hereafter. The peaks were detected and aligned using MS-

DIAL where a peak was discarded if it included more than 30% missing values. In addition, 

peaks were excluded if they were missing in more than 30% of the samples per group in ESI+ 

mode. Batch drift adjustment was performed using the pooled long-term QC samples that were 

injected every 5 samples in all batches, including one pooled QC injected at the beginning and 

end of each batch. The raw data was pre-processed, aligned to the pooled QC samples, and 

the batches normalised with the LOESS algorithm based on the QC samples. Data was filtered 

by removing background noise based on the blank samples (maximum sample/blank<5-fold 

change). The missing (zero) values were then replaced with 1/10 of the minimum peak height 
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for that m/z feature across all samples. The extracted features were further filtered based on 

the technical reproducibility of individual features: features were removed where the quality 

controls’ (QC) relative standard deviation (RSD) was greater than 30%. There was a significant 

variation between the analysed batches therefore we performed a within-batch features 

filtration. Features were selected if they met the <30% QC RSD cutoff within the batch. The 

features meeting the selection criteria were then amalgamated and they were selected if they 

were present in more than 60% of the analysed batches. After selection, the amalgamated 

qualifying features were then adjusted for batch drift using feature-wise ANCOVA batch 

correction. To obtain the significant features, data was first normalised per sample based on 

the sum intensities in each sample, before transformation per feature by mean centering and 

dividing by the standard deviation (autoscaling) of each feature using MetaboAnalyst 5.0.237 

To identify potentially important features between groups, univariate ANOVA analysis was 

used, while multidimensional reduction (PCA and PLS-DA) analyses were used to visualise 

group differences. Chemical annotation of the selected features was done by matching their 

mass spectra and product ion mass spectra to publicly available spectral libraries (HMDB, 

PubChem, ChEBI, MassBank, etc.) with GNPS 28.2.140 A similarity score above 70% between 

the queried features and the library molecular formular, structure and adducts was considered 

during annotation. Important features lacking product ion mass spectra data were matched to 

public databases based on their accurate mass, retention time, and adduct formation patterns 

using CEU Mass Mediator available at http://ceumass.eps.uspceu.es/.134 Important features 

with and without product ion mass spectra data were putatively annotated at Metabolomics 

Society Initiative (MSI) levels 2 and 3 of identification, respectively. Furthermore, correlation 

analyses between perturbed metabolites and the histopathological features, TTE valve 

parameters for morphology and flow dynamics were performed while adjusting for covariates. 

The m/z features and metabolites with a p-value <0.05 were considered significantly altered. 

http://ceumass.eps.uspceu.es/
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6.2.4  Functional analysis of significant metabolites 

To explore the functional relevance of the annotated significant metabolites, pathway 

enrichment and topology analysis was performed in MetaboAnalyst 5.0.237 The rationale 

behind functional analysis is explained in section 3.2.11. The HMDB and KEGG identifiers of 

the annotated metabolites were uploaded and mapped to the KEGG human pathway library 

for pathway analysis.  The mapped pathways were visualised with scatter plots while testing 

the significance level, the enrichment was analysed using the hypergeometric test, while the 

topology analysis was done using relative-betweenness centrality on the Homo sapiens KEGG 

pathway library.237 Pathways with a false discovery rate (FDR) adjusted p-value (q) <0.05 were 

considered significantly overrepresented. 

6.3 Results 

6.3.1 Baseline characteristics of the study samples 

The baseline characteristics of the study participants are summarised in Table 6.1. The 

analysed samples were grouped into samples that were obtained from RHD patients who had 

mitral valves replaced (RHD MV) n=22, and RHD patients who had both the mitral and aortic 

valves replaced (RHD MV & AV) n = 19, and from patients with degenerative AS (Degenerative 

AS AV) n=11. Patients with degenerative AS were generally older than the RHD patient groups 

(p = 0.003). The BMI of the participants was significantly different between the three groups (p 

= 0.011); the RHD participants were clinically classified as overweight and the AS patients 

clinically obese (RHD-MV =27.7±7.34, RHD-MV & AV=26.6±5.14, degenerative AS-AV = 

34.2±7.22 kg/m2, respectively). The groups did not have differences in their cardiac function 

as shown by LVEF, LVEDV, and LVESV not being significantly different among the included 

groups. The RHD patients with MV replacement and the degenerative AS patients had 

elevated left ventricular mass index as compared to the rest of the patients. However, RHD 

patients with mitral and aortic valve replacement or mitral valve replacement only had elevated 

LA area as compared to degenerative AS patients (p=0.016). From the flow dynamics (AV 
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mean PG, MV mean PG, AV Vmean, and mitral valve velocities) it was evident that the 

participants had severe valve lesions (p < 0.05) Table 6.1. 

Table 6.1. Baseline characteristics of the study participants.  
RHD (MV) 
N=22 

RHD (MV & 
AV) 
N=19 

Degenerative 
AS (AV) 
N=11 

p-value 

Age (years), mean(±σ) 43.1±14.8 52.4±12.7 60.5±12.3 0.003a 

Sex 
Female, n(%) 
Male, n(%) 

 
17(77.27) 
5(22.73) 

 
13(68.42) 
6(31.58) 

 
7(63.64) 
4(36.36) 

0.732 

Race 
Black, n(%) 
Mixed, n(%) 
White, n(%) 

 
6(27.27) 
16(72.73) 
0(0) 

 
5(26.31) 
13(68.42) 
1(5.26) 

 
1(9.09) 
8(72.73) 
2(18.18) 

0.283 

BMI (kg/m2), mean (±σ) 27.7±7.34 26.6±5.14 34.2±7.22 0.011b,c 

SBP(mmHg), mean (±σ) 118±19.9 128±23.7 136±27 0.094 

LVEF %, mean (±σ) 44.6±13.7 42.8±16.2 52.4±13.1 0.212 

LVEDV (ml), mean (±σ) 158±48.9 175±53.1 215±67.9 0.128 

LVESV (ml), mean (±σ) 87.9±24.28 95.1±33.8 104±38.5 0.579 

LVMI (g/m2), mean (±σ) 50.9±13.2 74.5±35.5 99.8±37.8 0.005b 

LA Area (cm2), mean (±σ) 41.8±10.3 48.4±11.7 31.9±5.71 0.016c 

Aortic root (mm), mean (±σ) 26.1±4.84 25.7±6.82 27.6±7.98 0.787 

LVOT Vmax (m/s), mean (±σ) 1.01±0.3 1.0±0.17 1.03±0.33 0.890 

AV mean PG (mmHg), mean (±σ) 6.36±3.69 24.9±19.6 53.4±21.8 <0.001a,b,c 

AV Vmean (m/s), mean (±σ) 1.14±0.34 2.28±1.03 3.25±0.91 <0.001a,b,c 

AVA VTI (cm2), mean (±σ) 1.6±0.28 1.46±0.88 0.9±0.2 0.400 

MV mean PG (mmHg) 11.0±6.43 10.1±4.36 1.25±0.96 0.009b,c 

MVA PHT (cm2) 1.35±1.61 1.24±0.50 4±2.40 0.037b,c 

MV DT (msec) 679±319 551±307 201±139 0.006b,c 

MV E Vmax (m/s) 1.90±0.58 1.80±0.46 0.86±0.36 <0.001b,c 

MV A Vmax (m/s) 1.85±0.40 1.18±0.71 0.92±0.41 <0.005a,b, 

MV E/A ratio 1.03±0.23 1.34±0.72 1.08±0.85 0.572 

MV E/E’ ratio 31.7±16.5 26.0±18.3 13.2±3.92 0.070 

Hypertensive, n(%) 5(22.73) 6(31.58) 6(54.55) 0.221 

Diabetic, n(%) 0(0) 1(5.26) 2(18.18) 0.132 

Smoker  
             Current, n(%) 
             Ex-Smoker, n(%) 

 
6(27.27) 
0(0) 

 
4(21.05) 
3(15.79) 

 
1(9.09) 
1(9.09) 

0.418 

Dyslipidemia, n(%)  2(9.09) 3(15.79) 4(36.36) 0.235 

Histopathology 
Aschoff bodies, n(%) 
Calcification, n(%)  
Collagen deposition, n(%) 
Fibrosis, n(%) 
Inflammations, n(%) 
Myxoid change, n(%) 
Neovascularization, n(%) 
Vegetations, n(%) 
Fibrin deposition, n(%) 

 
1(4.5) 
2(9.09) 
11(50.00) 
18(81.82) 
5(22.73) 
8(36.36) 
15(68.18) 
0 
2(9.09) 

 
1(5.3) 
8(42.11) 
11(57.89) 
17(89.47) 
10(52.63) 
10(52.63) 
13(68.42) 
3(15.79) 
5(26.32) 

 
0 
9(81.82) 
4(36.36) 
11(100.00) 
2(18.18) 
2(18.18) 
3(27.27) 
0 
3(27.27) 

 
1 
<0.001 
0.454 
1 
0.126 
0.180 
0.010 
0.114 
0.507 

Valve lesions grading 
    

Aortic regurgitation  
Mild, n(%) 
Moderate, n(%)  
Severe, n(%) 

 
5(22.73) 
1(4.55) 
0 

 
4(21.05) 
7(36.84) 
8(42.11) 

 
2(18.18) 
1(9.09) 
2(18.18) 

<0.001 

Aortic stenosis    <0.001 
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Mild, n(%) 
Moderate, n(%) 
Severe, n(%) 

1(4.55) 
0 
0 

0 
2(10.53) 
6 

0 
0 
10(90.91) 

Mitral Regurgitation 
Mild, n(%) 
Moderate, n(%)  
Severe, n(%) 

 
6(27.27) 
5(22.73) 
9(40.91) 

 
4(21.05) 
7(36.84) 
6(31.58) 

 
0 
1(9.09) 
3(27.27) 

0.009 

Mitral Stenosis 
Mild, n(%) 
Moderate, n(%) 
Severe, n(%) 

 
1(4.55) 
2(9.09) 
15(68.18) 

 
0 
4(21.05) 
10(52.63) 

 
0 
0 
0 

<0.001 

Parametric values are expressed as mean± standard deviation and assessed using parametric student t test and 
one way ANOVA statistical methods. Categorical variables are represented as n(%), and either a chi square test or 
Fisher exact was used to test the null hypothesis. RHD (MV), rheumatic heart disease with mitral valve replacement; 
RHD (MV & AV), rheumatic heart disease with mitral and aortic valves replacement, Degenerative AS (AV), 
Degenerative aortic stenosis disease with aortic valve replacement; MV, mitral valve; AV, aortic valve; AVA, aortic 
valve area; MVA, mitral valve area; SBP, systolic blood pressure; BMI, body mass index; LVEF, left ventricle ejection 
fraction; LVEDV, left ventricle end-diastolic volume; LVESV, left ventricle end-systolic volume; LVOT; left ventricle 
outflow tract, LVMI, left ventricular mass index; LA, left atrium. ANOVA Post hoc analysis with fdr adjusted P-value 
<0.05; a, RHD-MV vs RHD-MV & AV; b, RHD-MV vs degenerative AS; c, RHD-MV & AV vs degenerative AS. 

 

6.3.2 Feature extraction and data quality analysis 

After data acquisition, 3538 features were detected in the positive ionisation mode, of which, 

507 features were extracted after missing values filtration. The samples were analysed in 6 

batches. The frequency of the missing values was also analysed in the pooled QCs and all the 

samples. The frequency of the missing values was random and was not affected by the 

batches (Figure 6.1 and Figure 6.2). To ensure consistency of the batches the batches were 

normalised using LOESS algorithm where the width of the moving window was set at (span α 

= 0.7). After the batch normalisation, there was a significant batch differences observed 

(Figure 6.3).  



158 
 

 
Figure 6.1. The frequencies of the missing values in the (A) pooled QCs and (B) grouped samples. 

 
. 
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Figure 6.2. The frequencies of the missing values in individual samples analysed
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Figure 6.3. The scatter plot showing the distributions of the QCs’ and the samples’ relative standard 
deviation distribution.  Triangles are samples and QCs with RSD <30%, the circles are samples and 
QCs with RSD>30% 

 

After batch amalgamation, 219 features were considered usable (raw QC mRSD = 42.68%) 

and were taken further for batch correction using ANCOVA ((batch corrected QC mRSD = 

13.26%) (Figure 6.4 – Figure 6.6).  

 

 

.
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Figure 6.4. Batch drift and batch correction analysis. PCA plot showing sample distribution before and after batch correction.  
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Figure 6.5. Batch drift and batch correction analysis. Inter-batch distance analysis on the batch adjusted and the original data (*shows the normalisation 
method with the least distance between the batches). 
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Figure 6.6. Batch drift and batch correction analysis. The singular value decomposition analysis of systematic trends attributable to bias before and after 

normalization. 
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The group-wise analyses observed 10 metabolites being significantly different between RHD 

and degenerative AS patients (Figure 6.7). Furthermore, uracil and stearoylethanolamide 

were different between rheumatic heart diseases patients with single valve replacement and 

those that required double valve replacement (Figure 6.8). Due to the small sample size, none 

of these metabolites passed false discovery testing. The multivariate analysis showed that the 

altered biomarkers differentiated between RHD1, RHD2 and AS, and the valve origins from 

the 3 valvular heart disease groups analysed (Figure 6.9A & B). 

 
Figure 6.7. Metabolites differentially expressed between rheumatic heart disease and degenerative artic 
stenosis. Volcano plot of metabolites significantly changed between the aortic valves of rheumatic heart 
disease patients and degenerative aortic stenosis patients (p<0.05, FC>2).  
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Figure 6.8. Metabolites differentially expressed between rheumatic heart disease and degenerative artic 
stenosis. Metabolites differentially expressed in mitral valves obtained from rheumatic heart disease 
patients undergoing single valve or double valve replacement. 
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Figure 6.9. Metabolites differentially expressed between rheumatic heart disease and degenerative artic 
stenosis. PCA plots of variables significant by univariate statistics to visualize biomarkers differentiating 
(A) RHD1, RHD2, and AS and (B) the valve origins/types from the 3 valvular heart disease groups 
studied. 
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To determine the biomarkers different among the groups, univariate biomarker analysis was 

used to explore the biomarkers. Upon batch amalgamation, 219 features were considered 

potential and reliable biomarkers, 89 features were successfully annotated at MSI level 2 or 3 

using spectral matching and molecular formula prediction techniques. Of the annotated 

features, 27 successfully annotated potential biomarkers were taken further for statistical 

analysis after peak shape filtering and removal of duplicates. When comparing RHD1, RHD2, 

and degenerative AS, 10 metabolites were expressed differently between the groups and were 

mostly amino acids and their derivatives (Figure 6.10 – Figure 6.12). However, RHD2-AV and 

RHD2-MV are paired, and this bias should be considered when interpreting the ANOVA 

results. 
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Figure 6.10. Metabolic biomarkers exploration. The metabolites (hypotaurine, choline, and betaine) that 
were elevated in degenerative AS compared to RHD patients undergoing single valve replacement or 
double valve replacement, and arginine that was not different between RHD1 and degenerative AS. 
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Figure 6.11. Metabolic biomarkers exploration. The metabolites that were elevated in RHD patients 
undergoing single (RHD1) valve replacement or double valve (RHD2) replacement compared to 
degenerative AS. 
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Figure 6.12. Metabolic biomarkers exploration. The metabolites that were elevated in RHD patients 
undergoing single valve replacement (RHD1) and double valve replacement (RHD2) and the 
degenerative AS. 

6.3.3 Choline, carboxylic acids, and fatty acyls associated with histological 

and echocardiographic parameters of aortic and mitral valve pathology. 

The annotated metabolites showed association with myxoid change, fibrosis, collagen 

deposition, and calcification which are some of the key histopathological features observed in 

RHD and degenerative AS. Calcification in the aortic or mitral valves significantly correlated 

with 13 metabolites, while myoid change showed correlation with 8 metabolites, fibrosis 

correlated with 1 metabolite after adjusting for the covariates (sex, age, race, BMI, 

hypertension, diabetes, and batch effect) Table 6.2. Choline (r = -0.52, p = 0.0003), propionic 

acid (r = 0.42, p = 0.004), histidine-betaxanthin (r = -0.4, p = 0.006) and hexadecanedioic acid 

(r = 0.41, p = 0.006), showed moderate correlations with histological evidence of calcification 

on the mitral and aortic valves after adjusting for covariates (Table 6.2). Furthermore, choline 

(r = 0.35, p = 0.019), glutamine (r = 0.43, p = 0.003), and proline (0.38, p = 0.003 showed 

moderate correlations with histological features of myxoid change on the studied heart valves. 
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Presence of fibrosis showed correlations with propionic acid (r = -0.36, p = 0.015) while 

adjusting for the covariates (Table 6.2). 

Table 6.2. Histopathological features of the mitral and aortic valves correlating with tissue specific 
metabolites after adjusting for age, sex, race, BMI, hypertension, diabetes, and batch effect. (r= 
Pearsons correlation coefficient) 

 
Calcification p-value 

Myxoid 
Change 

p-
value 

Fibrosis p-value 
Collagen 
deposition 

p-
value 

Choline -0.52 <0.001 0.35 0.019 -0.06 0.684 -0.18 0.240 

Propionic acid 0.42 0.004 -0.07 0.638 -0.36 0.015 0.24 0.112 

Histidine-betaxanthin -0.41 0.006 0.28 0.062 0.02 0.912 -0.09 0.569 

hexadecanedioic acid -0.41 0.006 0.27 0.073 -0.07 0.652 -0.03 0.830 

Triacylglycerol (16:0-17) -0.39 0.009 0.10 0.529 -0.17 0.263 -0.03 0.866 

Taurine -0.38 0.011 0.13 0.410 -0.01 0.924 -0.11 0.490 

Taurocholic acid 0.38 0.012 -0.33 0.027 -0.07 0.673 -0.13 0.418 

D-Arabitol -0.37 0.013 0.17 0.261 -0.28 0.062 0.02 0.893 

Deoxycholic acid -0.33 0.030 0.01 0.929 0.07 0.647 -0.05 0.753 

MG(16:0/0:0/0:0) 0.33 0.031 -0.24 0.124 0.06 0.681 -0.16 0.294 

Proline betaine 0.31 0.04 -0.20 0.204 -0.08 0.596 0.11 0.470 

alpha-Methylhistidine 0.30 0.047 -0.23 0.131 -0.10 0.526 0.06 0.706 

Triacylglycerol (17:1-18) 0.30 0.049 -0.30 0.047 -0.13 0.401 -0.06 0.711 

Glutamine -0.29 0.058 0.43 0.003 -0.01 0.931 0.07 0.660 

Proline -0.29 0.059 0.38 0.011 0.02 0.914 -0.06 0.681 

Isoleucine -0.23 0.137 0.29 0.056 -0.01 0.929 -0.01 0.971 

Pyruvic acid -0.22 0.156 0.30 0.047 -0.16 0.299 0.02 0.878 

N-Methylglutamate -0.10 0.511 0.35 0.019 0.24 0.115 0.11 0.492 

Phosphatidylinositol 0.09 0.554 0.30 0.046 -0.08 0.625 0.19 0.206 

TTE parameters showed associations with the annotated metabolites after adjusting for the 

covariates (sex, age, race, BMI, hypertension, diabetes, and batch effect). The mean aortic 

velocity (AV Vmean) and the mean aortic pressure gradient (AV mean PG) showed a negative 

but weak association with triacylglycerol (r = -0.39 and -0.36), taurine (r = -0.36 and -0.35), 

deoxycholic acid (r = -0.36 and -0.35), and histidine betaxanthin (r = -0.35 and -0.33) p<0.05 

(Table 6.3). In addition, the mitral valve area (MVAPHT) showed association with deoxycholic 

acid (r = -0.30), guanine (r = 0.31), phosphatidylinositol (r = 0.41), and creatine (r = -0.29) while 

the mitral valve maximum velocity (MV A Vmax) showed associations with triacylglycerol (r = 

0.30), proline (r = 0.32), and methionine (r = 0.34) p < 0.05 (Table 6.3). Parameters of cardiac 

function and strain also showed associations with the annotated metabolites. The left ventricle 

end-diastolic volume (LVEDV) associated with propionic acid (r = 0.3), proline (r = -0.3), choline 

(r = -0.31), and histidine (r = -0.30), while the LV end-systolic volume (LVESV) showed 
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association with propionic acid (r = 0.3), proline (r = -0.30), histidine (r = -0.37), and glutamine 

(r = 0.33). The left ventricle ejection fraction (LVEF) showed association with triacylglycerol (r 

= -0.3) while left ventricle mass index (LVMI) associated with triacylglycerol (r = -0.3), taurine 

(r = -0.32), deoxycholic acid (r = -0.31), propionic acid (r = 0.29), and tryptophan (r = 0.3) 

p<0.05 (Table 6.3). The left atrial area (LA area) showed association with 3-methylhistidine (r 

= 0.31, p = 0.04).
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Table 6.3. The correlation coefficients of metabolites that associated with haemodynamic and ventricular function parameters in patients with rheumatic heart 
disease and degenerative aortic stenosis. The correlation coefficients are adjusted for age, sex, race, BMI, hypertension, diabetes, and batch effect. (r= Pearsons 
correlation coefficient) 

 
 

AV 
Vmean(m/s) 

p-
value 

AV mean 
PG(mmHg) 

p-
value 

LA 
Area 
(cm2) 

p-
value 

LVEDV 
(ml) 

p-
value 

LVEF 
(%) 

p-
value 

LVESV 
(ml) 

p-
value 

LVMI 
(g/m2) 

p-
value 

MV DT 
(msec) 

p-
value 

MVAPHT 
(cm2) 

p-
value 

MV A 
Vmax 
(m/s) 

p-
value 

Triacylglycerol -0.39 0.009 -0.36 0.014 0.03 0.866 -0.24 0.111 -0.30 0.047 -0.13 0.400 -0.30 0.048 0.23 0.116 -0.22 0.148 0.30 0.045 

Taurine -0.36 0.015 -0.35 0.018 -0.11 0.481 -0.29 0.058 -0.06 0.672 -0.23 0.120 -0.32 0.033 -0.02 0.888 -0.19 0.194 0.25 0.094 

Deoxycholic acid -0.36 0.016 -0.35 0.019 -0.01 0.927 -0.15 0.317 -0.03 0.849 -0.20 0.191 -0.31 0.041 0.11 0.481 -0.30 0.043 0.26 0.076 

Histidine-betaxanthin -0.35 0.018 -0.33 0.028 -0.14 0.351 -0.26 0.089 -0.10 0.504 -0.23 0.131 -0.28 0.066 -0.04 0.773 -0.14 0.368 0.20 0.185 

Propionic acid 0.29 0.051 0.29 0.052 0.06 0.707 0.30 0.046 0.04 0.779 0.30 0.047 0.29 0.049 -0.19 0.205 0.06 0.700 -0.23 0.130 

Proline -0.24 0.106 -0.20 0.180 -0.22 0.149 -0.30 0.043 -0.12 0.435 -0.30 0.047 -0.18 0.230 0.18 0.243 -0.02 0.914 0.32 0.033 

Tryptophan 0.24 0.115 0.24 0.106 -0.07 0.665 0.23 0.134 0.19 0.203 0.11 0.487 0.30 0.045 -0.14 0.353 -0.01 0.928 -0.26 0.076 

Choline -0.22 0.139 -0.21 0.165 -0.06 0.692 -0.31 0.035 -0.17 0.278 -0.26 0.082 -0.21 0.170 0.00 0.989 -0.10 0.507 0.10 0.527 

Guanine 0.21 0.158 0.24 0.105 -0.06 0.682 0.21 0.159 0.07 0.657 0.16 0.294 0.25 0.092 -0.31 0.035 0.31 0.038 -0.25 0.091 

Histidine -0.21 0.166 -0.20 0.189 -0.20 0.192 -0.30 0.046 0.01 0.948 -0.37 0.012 -0.23 0.131 0.03 0.824 -0.19 0.204 0.22 0.134 

alpha-Methylhistidine 0.20 0.184 0.15 0.333 0.24 0.110 -0.02 0.895 -0.17 0.261 -0.29 0.053 -0.05 0.734 0.05 0.731 -0.23 0.131 -0.06 0.694 

Isoleucine -0.20 0.186 -0.17 0.254 -0.12 0.433 -0.29 0.050 -0.22 0.150 -0.18 0.241 -0.20 0.193 0.07 0.626 0.03 0.841 0.17 0.249 

Phosphatidylinositol 0.16 0.306 0.19 0.211 -0.08 0.617 -0.03 0.849 0.04 0.775 -0.07 0.647 0.11 0.469 -0.26 0.081 0.41 0.005 -0.20 0.180 

Urea 0.15 0.340 0.06 0.675 0.26 0.087 0.02 0.916 -0.21 0.171 0.19 0.215 -0.09 0.537 0.02 0.920 -0.26 0.077 -0.03 0.822 

Methionine -0.15 0.342 -0.15 0.317 -0.18 0.229 -0.20 0.178 -0.11 0.457 -0.19 0.204 -0.13 0.399 0.23 0.124 -0.04 0.782 0.34 0.020 

Monoglyceride 0.12 0.415 0.13 0.401 0.09 0.567 0.00 0.981 0.26 0.084 -0.11 0.461 0.07 0.664 -0.03 0.821 0.14 0.366 -0.06 0.670 

Glutamic acid 0.12 0.449 0.09 0.575 0.18 0.241 0.17 0.266 -0.12 0.424 0.33 0.026 0.09 0.549 -0.02 0.901 0.01 0.949 -0.07 0.643 

Pyruvic acid -0.06 0.685 -0.04 0.783 -0.23 0.133 -0.22 0.139 -0.03 0.851 -0.29 0.054 -0.04 0.785 0.00 0.989 0.07 0.633 0.12 0.435 

3-Methylhistidine 0.01 0.928 -0.03 0.855 0.31 0.040 -0.15 0.339 -0.19 0.218 0.01 0.929 -0.19 0.202 0.06 0.695 -0.28 0.061 0.09 0.569 

Creatine 0.00 0.994 -0.03 0.862 0.15 0.317 -0.06 0.695 -0.09 0.556 0.04 0.774 -0.13 0.377 0.03 0.841 -0.29 0.047 0.12 0.409 
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6.3.4 Pathway analysis of the potential tissue specific biomarkers 

The potential biomarkers had functional relevance where most of the metabolites were 

involved in the major energetic pathways and molecular signalling processes. The pathways 

with high coverage percentage between the total pathway metabolites and the detected 

metabolites were, arginine biosynthesis and taurine and hypotaurine metabolism (Table 6.4). 

The two pathways are normally involved in the major energetic processes. 

Table 6.4. Pathway mapping of the metabolites detected in aortic and mitral valve samples of RHD and 
degenerative aortic stenosis patients undergoing valve replacement. 

 

Total 
pathway 

metabolites 
Metabolites 

detected 

Pathway 
coverage 

(%) 
Raw p 
value 

FDR adj. p 
value 

Aminoacyl-tRNA biosynthesis 48 9 19 <0.001 <0.001 

Arginine biosynthesis 14 5 36 <0.001 <0.001 

Arginine and proline metabolism 38 6 16 <0.001 0.001 

Glycine, serine and threonine metabolism 33 5 15 <0.001 0.005 

Taurine and hypotaurine metabolism 8 3 38 <0.001 0.005 

Histidine metabolism 16 3 19 0.002 0.039 

Mapping of the detected metabolites onto KEGG database showed that most of the 

metabolites were associated with amino acids metabolism pathways. The significant and 

impactful pathways were taurine and hypotaurine metabolism, arginine biosynthesis, and 

arginine and proline metabolism pathways (Figure 6.13). From the pathway mapping, urea, 

creatine, taurine, histidine, and alpha-methyl histidine were highlighted as some of the potential 

biomarkers reported in our study. 
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Figure 6.13. Pathway map of the detected metabolites after mapping to human metabolome database 
in KEGG. The highlighted pathways were significantly mapped after multiple testing adjustment (FDR 
adj. p value <0.05). 

6.4 Discussion 

The study suggest that histological findings of calcification moderately associated with lipids, 

and organonitrogens while myxoid change associated with glutamine on the mitral and aortic 

valves of RHD and degenerative AS patients. Furthermore, the echocardiography parameters 

showed weak associations with detected metabolites; specifically, mitral valve area 

parameters showed association with phosphatidylinositol. 

Calcification was associated with decreased levels of choline. Choline is an essential nutrient 

that is responsible for production of neurotransmitters and glycerophospholipids.238 Despite 

the conflicting reports on the risk of choline to cardiovascular diseases most of the studies 

have not found increased risks of cardiovascular diseases linked to dietary choline intake.238 

Though not detected in this study, trimethylamine N-oxide (TMAO), which is derived from 

choline, has been shown to promote osteogenic differentiation, which leads to calcification in 

calcific aortic stenosis.239 Furthermore, the findings suggests that incidences of calcifications 

moderately associate with increased levels of fatty acids (propionic acid and hexadecanedioic 

acid). Propionic acid is a known anti-inflammatory short chain fatty acid, and it has been shown 
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to confer protection from cardiovascular disease and atherosclerosis.240 The patients included 

in this study were at advanced stages of valvular damage due to calcification and therefore the 

increased levels of anti-inflammatory metabolites could be a biological response for 

inflammation homeostasis. Hexadecanedioic acid has been associated with beta-oxidation to 

produce ATP by the mitochondria.241 Its role in the valve fragments is a concept that was 

beyond the scope of this study to answer but I could speculate that it was the remnants of the 

circulatory metabolites. Patients with advanced VHD present with heart failure and failing heart 

is known to have altered energy metabolism preference from beta-oxidation to glycolysis.242,243 

Transthoracic echocardiography assessment of the valves is the mainstay for diagnosis of 

rheumatic heart disease and degenerative aortic stenosis. Some of the parameters used in the 

diagnosis are the flow dynamics, valve dimensions, and ventricular measurements.9,244–247 To 

the best of our knowledge this is one of the few studies that have explored the correlation of 

the echocardiographic parameters to metabolomics biomarkers. Most of the ventricular 

function parameters (LA area, LVEDV, LVEF, LVESV and LVMI) and valve morphology 

parameters (AV Vmean, AV mean PG, MV DT, MVA and MV A Vmax) in this study showed 

weak to moderate associations with the metabolic biomarkers. It is inherently difficult to 

determine statistical significance on the metabolic biomarkers detected using untargeted 

metabolomics, there is therefore a need to perform validation tests on the metabolites that 

have potential relevance.234 In addition, changes observed in the potential metabolic 

biomarkers could be influenced by the physiological changes seen clinically or could be also 

influenced by the exogenous factors such as environment, diet or exercise.232–234,248 The 

samples included in the study were obtained from patients at different stages of valvular 

pathology and of diverse age groups. The demographic diversity could have contributed to the 

variations in the detected metabolic biomarkers thus affecting the strengths of the correlations. 

Furthermore, the functional analysis of the metabolites showed that most of the changed 

metabolites were involved in the main energetic pathways   ̶  a phenomenon that has been 

reported in other studies.19,235 
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6.5 Limitations 

Obtaining healthy control valve biopsies is challenging and is marred by sophisticated ethical 

issues. Therefore, in this study we compared RHD against degenerative AS valves therefore 

we could not ascertain if the observed metabolic biomarkers were markers of disease or just 

markers due to differences of disease physiology. Furthermore, the study could not ascertain 

the causality of the metabolic biomarkers that was associated with the clinical features of valve 

pathology. In addition, due to the small sample size owing to the complexity of obtaining the 

samples, the study could not have enough statistical power to compare the differences 

between the valve lesions. 

6.6 Concluding remarks 

In conclusion, in this chapter we have shown the metabolic biomarkers differentially expressed 

in RHD patients with single or double valve replacement against patients with degenerative 

AS. Furthermore, we have reported metabolites associating with histopathological and TTE 

parameters of VHD. As is common to most metabolomics studies this study too could not 

ascertain the causality of the identified biomarkers. We therefore recommend a follow-up study 

with a larger sample size and using a different study design comparing specific pathological 

regions of interest for spatial localisation studies. 

6.7 Contributions and acknowledgements 

The heart valve samples were collected from patients undergoing valve replacement surgery 

at the Christiaan Barnard Division of Cardiothoracic Surgery, Groote Schuur Hospital, Cape 

Town after recruitment and consenting by D Mutithu assisted by Dr R Manganyi, O Aremu, 

and Dr E Lumngwena. The clinical data was collected and curated by D Mutithu and reviewed 

by Prof N Ntusi. The samples were processed by D Mutithu. The H&E slides were prepared 

by D Mutithu assisted by S Govender and reviewed by Prof D Govender and Dr R Roberts. 

The LC-MS/MS experiments were performed by D Mutithu assisted by A Evans. The LC-
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MS/MS data was processed and statistically analysed by D Mutithu and reviewed by Prof J 

Kirwan. 
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Chapter 7 

7 LOCALISATION OF CIRCULATORY AND TISSUE-

SPECIFIC BIOMARKERS ON VALVE BIOPSIES 

USING MALDI-MS IMAGING6 

7.1 Introduction 

Metabolomics reports on the changes in the metabolome within a biological system. It has 

been shown that metabolomics is valuable in understanding the diseases processes and 

pathomechanisms due to its close proximity to the organism’s physiology.19,227 Metabolomics 

techniques are used to perform spatial localisation of metabolic biomarkers which is akin to 

molecular tissue typing to investigate the microenvironments on the studied tissues.228–230 RHD 

and degenerative AS have distinct pathophysiological features with the rheumatic heart 

dominated by myxoid change, and collagenation while degenerative AS would mostly have 

features of fibrosis and calcification.154,231 At the microenvironment level, the physiological 

changes are preceded by changes in the metabolome of the affected cells. It is therefore 

expected that different regions of pathology would have different metabolic signatures.230 

MALDI-MSI is used for spatial localisation of ions on tissues by recreating an ions intensity 

image on the tissues being analysed.230,235 Few studies have reported spatial localisation of 

metabolic biomarkers in RHD and degenerative AS. It is however challenging to annotate ions 

detected using MALDI-MSI. Therefore, MALDI-MSI is suitable for a targeted metabolomics 

analysis where it is used with another untargeted MS/MS technique where the detected ions 

are annotated to the respective metabolites.229,230  

 
6This chapter is based on a manuscript:  
Mutithu, D. W., Kirwan, J. A., Adeola, H. A., Aremu, O. O., Lumngwena, E. N., Familusi, M., ... & Ntusi, 
N. A. (2024). Major energetic metabolites associated with echocardiographic and histological features 
of aortic and mitral valve disease [Unpublished manuscript]. Department of Medicine, University of Cape 
Town, Cape Town, South Africa. 
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In this study, we aimed to perform spatial localisation of the important tissue specific 

biomarkers using targeted MALDI-MSI. The samples were obtained from RHD patients having 

single (mitral valve only) or double (mitral and aortic valves) valve replacement and 

degenerative AS patients undergoing AVR (aortic valve only).  

7.2  Methods 

7.2.1 Spatial localisation of potential biomarkers with MALDI-MSI 

MALDI-MSI was used to investigate the localisation of the important metabolites on aortic and 

mitral valves. Valve samples obtained from the patients described in section 6.3.1 were used 

for mass spectrometry imaging experiments. The valve samples had been harvested and 

stored as stated in section 3.2.1. The MALDI-MSI experiments were adapted from 

Veerasammy et al.249, Anderson et al.250, and Zhu et al.251. Thin cryosections (5 μm) of frozen 

valve fragments were thaw-mounted on ITO coated slides (Sigma). The slides were dried in a 

desiccator for about 15 minutes. Furthermore, 40 mg/ml of 2,5-dihydrobenzoic acid (DHB) 

matrix was prepared by dissolving 200mg of DHB in 5ml of 50% methanol and mixed with 

0.1% formic acid. The solution was sonicated for 15 minutes. Using the HTX TM-Sprayer (HTX 

Technologies, Chapel Hill, NC, USA), 12 layers of the matrix were applied on the ITO slides. 

The slides were then dried before the MALDI-MSI analysis using a MALDI- QTOF. The slide 

images were obtained by scanning and processing the images with CyberViewX and the image 

uploaded to FlexImaging 5.1 software. The MALDI-MSI data was acquired using rapifleX® 

MALDI Tissuetyper® with flexControl 4.0 and flexImaging 5.1 (Bruker Scientific LLC, Billerica, 

MA, USA), in positive reflector mode over an m/z range of 50 - 1,200 Da at 50 μm raster width. 

To calibrate the MALDI TOF equipment for low molecular weight experiments, a mix of the 

matrices was used (20 mg of each matrix was dissolved in 1ml of 50% methanol mixed with 

0.1% formic acid); DHB (DHB[M+H] m/z 155.03444; DHB[2M+H] m/z 309.06105), HCCA (a-

Cyano-4-hydroxycinnamic acid) (HCCA[M+H] m/z 190.04987; HCCA[2M+H] m/z 379.09246), 

and SA (sinapic acid) (SA [M+H] m/z 225.07633; SA[2M+H] m/z 449.14483). The spectra were 

accumulated from 200 laser shots at 10kHz frequency. All the m/z features detected on tissues 
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were obtained in positive ionisation mode. The statistical analysis and data visualization were 

done with SCiLSTM Lab 2020a. During data processing and analysis, the m/z values of the 

metabolites found to be important biomarkers from the tandem LC-MS/MS analysis were 

localised on the aortic and mitral valves obtained from patients with rheumatic heart disease 

and degenerative aortic stenosis. 

7.2.2 Potential biomarkers statistical analysis 

Raw positive mode liquid chromatography tandem mass spectrometry (LC-MS/MS) data were 

processed with MS-Convert in ProteoWizard 3.0.1908126 and MS-DIAL 4.3896 as stated in 

chapter 6. To identify potentially important features between groups, univariate ANOVA 

analysis was used, while multidimensional reduction (PCA and PLS-DA) analyses were used 

to visualise group differences. Furthermore, correlation analyses were performed between 

perturbed metabolites and; the histopathological features, TTE valve parameters for 

morphology and flow dynamics, while adjusting for covariates. The important metabolic 

biomarkers were further localised on the valve fragments using MALDI MSI. The m/z features 

and metabolites with a p-value <0.05 were considered significantly altered. 

7.3 Results 

7.3.1 MALDI equipment calibration 

The equipment was calibrated with a mix of the matrices (DHB, HCCA, and SA) that were 

targeted at m/z  DHB (DHB[M+H] m/z 155.03444; DHB[2M+H] m/z 309.06105), HCCA 

(HCCA[M+H] m/z 190.04987; HCCA[2M+H] m/z 379.09246), and SA (SA[M+H] m/z 

225.07633; SA[2M+H] m/z 449.14483) that were all singly charged (Figure 7.1). Histidine-

betaxanthin (m/z 348.991), hexadecadioic acid (m/z 309.206), glutamine (m/z 147.077), 

stearamide (m/z 284.296), and 3-methylglutaconic acid (m/z 145.050) were some of the 

potential biomarkers identified after ANOVA and correlations analysis. To explore the spatial 

metabolic profiles, 3 biological repeats were used of mitral valve from RHD undergoing single 

valve (mitral valve) replacement (RHD 1 MV), mitral valve obtained from RHD patients 
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undergoing double valve replacement (RHD 2 MV), aortic valve obtained from RHD patients 

undergoing double valve replacement (RHD 2 AV), and aortic valve from degenerative aortic 

stenosis patients (AS AV).  

7.3.2 MALDI pilot experiments 

The aortic and mitral valves that were obtained from RHD patients and degenerative AS 

patients were histologically assessed by a pathologist using H&E-stained thin sections. The 

mitral valve obtained from a RHD patient with double valve replacement showed histological 

evidence of collagenation, fibrosis and focal calcification. There was also evidence of 

neovascularisation, isolated lymphocytes, and plasma cells but there were no Aschoff bodies. 

The aortic valve obtained from the same patient showed evidence of calcification, fibrosis due 

to collagenation, and there was no evidence of inflammation and neovascularisation. The 

mitral valve obtained from the RHD patient with single valve replacement showed evidence of 

neovascularisation and stromal fibrosis with collagen deposition. In addition, chronic 

inflammation due to presence of lymphocytes, plasma cells, Russel bodies, and other 

immunoglobulins that indicate chronic inflammation.  Furthermore, there was evidence of 

dystrophic calcification. The aortic valve from patients diagnosed with degenerative AS had 

histological features of dystrophic calcification and fibrosis due to collagenization. In addition, 

we attempted to determine features that would differentiate between two tissue types using 

the segmentation algorithm within SCiLS Lab. The m/z features were selected based on their 

ROC-AUC values of the m/z features differentiating, RHD 1, RHD 2 and degenerative AS.  
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Figure 7.1. Equipment calibration with the matrix mix of 2,5-dihydrobenzoic acid (DHB), a-Cyano-4-hydroxycinnamic acid (HCCA), and sinapinic acid (SA). 
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Figure 7.2. The m/z images of the ions that differentiated between different valve types while using the SCiLS lab segmentation algorithm. RHD 1 MV; mitral 
valve obtained from rheumatic heart disease undergoing mitral valve replacement, RHD 2 MV; mitral valve obtained from rheumatic heart disease undergoing 
double valve replacement, RHD 2 AV; aortic valve obtained from rheumatic heart disease patient undergoing double valve replacement, AS AV; aortic valve 
obtained from degenerative aortic stenosis patient undergoing aortic valve replacement surgery. 
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Figure 7.3. Continued m/z images of the ions that differentiated between different valve types while using the SCiLS lab segmentation algorithm. RHD 1 MV; 
mitral valve obtained from rheumatic heart disease undergoing mitral valve replacement, RHD 2 MV; mitral valve obtained from rheumatic heart disease 
undergoing double valve replacement, RHD 2 AV; aortic valve obtained from rheumatic heart disease patient undergoing double valve replacement, AS AV; 
aortic valve obtained from degenerative aortic stenosis patient undergoing aortic valve replacement surgery.  
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The identified m/z features differentiated the valve fragments obtained from RHD patients 

undergoing single valve or double valve replacement surgery and AS patients having aortic 

valve replacement surgery (Figure 7.2 and Figure 7.3). The identified features were evenly 

distributed on the tissues and did not show apparent distribution as per the pathology features. 

In addition, the identified features were difficult to determine which metabolite they 

represented. Therefore, the findings could not be interpreted into the metabolic biomarkers. To 

overcome the challenge, I opted to localise the important LC-MS/MS biomarkers discovered 

in the valve’s homogenates. 

7.3.3 Spatial localisation of the LC-MS/MS important biomarkers using 

MALDI-MSI 

Histidine-betaxanthin (m/z 348.991), hexadecadioic acid (m/z 309.206), glutamine (m/z 

147.077), stearamide (m/z 284.296), and 3-methylglutaconic acid (m/z 145.050) were some of 

the potential biomarkers identified after ANOVA and correlations analysis of LC-MS/MS 

biomarkers. The potential biomarkers also showed patterns of spatial localisation on the aortic 

and mitral valves after analysis and detection with MALDI-MSI. The different tissue types 

showed distinct patterns of the detected metabolites. However, the spatial localisation did not 

correspond to any specific pathology (Figure 7.4).  

 



187 
 

 

 
Figure 7.4. MALDI-MSI spatial localisation of the significant metabolites on the mitral (MV) and aortic (AV) valves obtained from rheumatic heart disease patients 
with single valve replacement (RHD 1) or double valve replacement (RHD 2), and degenerative aortic stenosis (AS). The localised biomarkers were 3-
methylglutaconic acid (m/z 145.050), glutamine (m/z 147.077), stearamide (m/z 284.296), hexadecadioic acid (m/z 309.206), and histidine-betaxanthin (m/z 
348.991).  
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7.4 Discussion 

Metabolic changes at the microenvironment are associated with physiological pathologies; 

such findings have extensively been reported in tumour research.252,253 The advancement of 

MALDI-MSI technology have enabled close to a single cell analysis of the metabolic changes. 

In this chapter, I have shown the analysis of m/z features that were different among the 

different valves. I have also shown their potential capabilities to differentiate between the tissue 

types studied based on their intensities. However, despite their promising applications in the 

differentiation of the tissues, the m/z features would certainly not find application in the 

biomarker discovery. Annotation of the MALDI-MSI m/z features is challenging due to the 

single dimensionality of the obtained data.236,251 The observed m/z features with capabilities of 

differentiating the tissue valves did not show apparent association with the regions of 

pathology. In any case, the intensities were evenly distributed across the tissue. The matrix 

used in MALDI-MSI affects the detection of the low molecular weight ions.236,251 Furthermore, 

the tissues used in this study were at advanced stages of pathology therefore there were no 

distinct regions that differentiated between normal and diseased regions. This may perhaps 

indicate that the metabolic microenvironments are heterogeneous around the tissue. In 

addition, heart valves are generally considered avascular, nutrition is supplied through 

diffusion which may mean the metabolites are distributed around the entire sections 

indiscriminately.254,255 Due to the challenges in annotating the m/z features identified through 

MALDI-MSI, the features could not be annotated to the representative tentative 

metabolites.229,230,236 We therefore opted to conduct a targeted MALDI-MSI analysis by 

focusing on the annotated metabolic biomarkers that had been identified from the LC-MS/MS 

experiments. 

The spatial distribution of the potential biomarkers was assessed on thin tissue sections of the 

fresh frozen valve fragments obtained from RHD and degenerative AS. The LC-MS/MS 

biomarkers obtained in this study were obtained from the tissue homogenate. From our 

previous findings,154 we had shown the histopathological features on the aortic or mitral valves. 
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Furthermore, there are regions on the excised valves where there are features of disease and 

there are zones where the tissue is normal. The spatial localisation of the metabolites focuses 

on the microenvironment metabolome that would show metabolites correlating with zones of 

pathology on the analysed tissues.229,230 Some of the limitations of imaging mass spectrometry 

are the identification of the metabolites, matrix clusters, matrix ion suppression, and resolution 

of the peaks.228 Therefore, in this study the spatial localisation of the metabolites that were 

considered important from the LC-MS/MS analysis of the valve’s homogenate were reported. 

The findings showed feasibility that the 5 important biomarkers from the LC-MS/MS analysis 

could be traced onto the aortic and mitral valves from RHD patients with single or double valve 

replacement and aortic valve from degenerative AS patients. To the best of our knowledge, 

this study is among the few reporting on spatial localisation of metabolites on cardiac valves.236  

7.5 Limitations 

In this study the metabolic signatures were compared between valve biopsies of valvular heart 

disease and there were no healthy tissues to compare against. The segmentation analysis to 

determine the features that would differentiate between the tissues from different disease types 

showed several ions with good ROC-AUC values. However, based on the study design we 

could not determine how the metabolites and ions vary on normal tissues. In addition, the 

distribution of the metabolic biomarkers and the discriminant ions did not show associations 

with specific regions of pathology. This could be due to the heterogeneous distribution of 

metabolites on the valves since they are supplied through diffusion.  

7.6 Concluding remarks 

In this chapter we have shown the untargeted MALDI-MSI approach to extract important ions 

that differentiated between valve tissues obtained from RHD and degenerative AS patients. 

Furthermore, metabolites that were found significantly different between RHD and 

degenerative AS were localised on the valve fragments. The study was exploratory, we 



190 
 

therefore recommend further studies using healthy tissues to investigate disease related 

biomarkers and localise them on the tissues. 

7.7 Contributions and acknowledgements 

The heart valve samples were collected from patients undergoing valve replacement surgery 

at the Christiaan Barnard Division of Cardiothoracic Surgery, Groote Schuur Hospital, Cape 

Town after recruitment and consenting by D Mutithu assisted by Dr R Manganyi, O Aremu, 

and Dr E Lumngwena. The clinical data was collected and curated by D Mutithu and reviewed 

by Prof N Ntusi. The samples were processed by D Mutithu. The H&E slides were prepared 

by D Mutithu assisted by S Govender and reviewed by Prof D Govender and Dr R Roberts. 

The MALDI-MSI experiments were performed by D Mutithu assisted by N Mehlala and Dr H 

Adeola. The LC-MS/MS and MALDI-MSI data was processed and statistically analysed by D 

Mutithu and reviewed by Prof J Kirwan. 
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Chapter 8 

8 CONCLUSION 

RHD is prevalent in resource limited regions of the world; the prevalence of degenerative AS 

is also on the rise due to the improving life expectancy, and a rise in lifestyle diseases 

especially in SSA. There are limited facilities to manage patients with RHD. The increasing 

prevalence of degenerative AS may worsen the clinical landscape of VHD in the region. There 

exist diagnostic tools and techniques for VHD, however there are no methods for early 

detection. Most of the patients presents with advanced VHD and the only feasible treatment is 

valve replacement or repair. Therefore, the main objective of this doctorate was to explore 

metabolic biomarkers in patients with RHD and degenerative AS patients. The identified 

biomarkers are expected to expand our understanding of the pathomechanisms in RHD and 

degenerative AS and propose biomarkers with diagnostic capabilities. 

The histopathological features of degenerative AS and RHD were investigated on the valve 

biopsies. The most predominant features were calcification in degenerative AS, collagen 

deposition and inflammation. The findings also confirmed that rheumatic valvulitis could affect 

the aortic valve even though mitral valve is the most frequently affected. We have also shown 

a case of acute inflammation on chronic RHD. This supported an existing theory that there 

could be acute inflammation on chronic inflammation in RHD. The existence of chronic 

inflammation admixed with acute rheumatic valvulitis support the need for life-long prophylaxis 

in rheumatic valvulitis patients. Therefore, in ARF endemic regions the presence of ARF should 

not be ruled out in the differential diagnosis despite not meeting the criteria for diagnosis as 

per the revised Jones criteria 2015. 

The study used untargeted LC-MS/MS metabolomics on serum obtained from patients 

undergoing valve replacement surgery. The findings suggested that there are metabolites that 

are differentially expressed in individuals with RHD, degenerative AS, and those without VHD. 
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The changed metabolites were mainly involved in the major energetic pathways which 

confirmed that failing hearts has major changes in their energy requirements. Furthermore, I 

also showed metabolites that had the capability of differentiating RHD and degenerative AS 

patients from healthy individuals. The gene-metabolite interaction analysis also showed 

involvement of genes responsible for lipids and fatty acids metabolism. Some of the circulatory 

metabolites also showed associations with parameters of cardiac remodelling in RHD and 

degenerative AS patients. The findings showed the involvement of the major energetic 

pathways possibly because the metabolites were highly abundant and the less abundant were 

masked by the matrix effect. It could also be that the patients included in the study were mostly 

at the chronic stages of the disease therefore most of them had heart failure symptoms. 

Furthermore, the findings found weak associations of the cardiac remodelling parameters with 

the detected metabolites because the shifts in metabolic signatures detected in the blood 

samples could have been epiphenomena of pathologies happening elsewhere in the body. 

Therefore, our study investigated metabolic signatures in the heart valves excised from 

patients undergoing valve replacement surgery.  

As stated above, the changes in circulatory metabolic biomarkers could be because of 

pathological changes happening elsewhere in the body. Therefore, in this work, tissue specific 

metabolic biomarkers detected in the heart valves homogenates were explored. The study 

found metabolites that were differentially expressed in valves obtained from patients 

diagnosed with RHD and degenerative AS. The findings suggested that the detected choline, 

carboxylic acids, and fatty acyls associated with the histological and echocardiographic 

parameters of aortic and mitral valves pathology. The metabolites detected in the mitral and 

aortic valves and highlighted to be important were associated with the major energetic 

pathways and molecular signalling processes. The findings described the metabolic 

biomarkers different between RHD with single or double valve replacement and degenerative 

AS. However, due to the limitations of obtaining healthy control valve fragments, the study 

could not compare the differences against healthy samples. Furthermore, the study could not 
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establish the causal relationship between the changed metabolites and the pathophysiological 

features observed.  

At the microenvironment levels it has been shown that physiological changes are preceded by 

metabolic changes. Very few studies have explored the metabolic signatures on the valve 

tissues however very few studies have explored the metabolic signatures at the 

microenvironment levels on heart valves. The findings using MALDI-MSI reported on the ions 

that could differentiate the heart valves obtained from RHD or degenerative AS based on the 

receiver operator area under the curve. Furthermore, I have also shown that metabolites 

detected in the valve’s homogenates could be localized on the valve tissues obtained from 

RHD and degenerative AS patients. From the histological analysis of the tissues included into 

the study, the regions of pathology were heterogeneous therefore it was challenging to perform 

and in situ comparison of regions on the valves. Furthermore, the detected metabolites signals 

were generally spread across the surface of the valves studied. Since valves are considered 

avascular, and the nutrition is spread through diffusion which may suggest the difficulties of 

localising metabolites at specific regions. The study reported the metabolites localisation on 

valves obtained from patients with VHD, I therefore propose further studies to compare the 

metabolic signatures between VHD and healthy samples.  

While this study has described circulatory and tissue specific metabolic biomarkers in RHD 

and degenerative AS, it still does not fully explain the metabolic pathomechanisms of VHD. 

Furthermore, this study had hypothesized that exploring metabolic profile could diagnose RHD 

and degenerative aortic stenosis.  However, due to sample size limitations, the study could not 

have a validation and a test sample to validate the diagnostic models. In this study the 

correlation of the metabolic signatures with the clinical parameters was investigated however, 

the presence and effect of the confounding factors was not explored. The future work is to 

design and conduct a larger cohort study from different sites to validate the reported 

biomarkers. In addition, our study proposes future studies to determine the usability of 

cadaveric tissues as controls in metabolomics studies. The next study could consider 
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designing RHD and degenerative aortic stenosis animal models to investigate the mechanistic 

processes leading to pathologies associated with the chronic RHD and degenerative aortic 

stenosis. We also propose using multi-omics techniques (proteomics, genomics, or 

transcriptomics) to facilitate a multimodal exploration of the pathomechanisms in RHD and 

degenerative aortic stenosis. Transportation of samples between study sites is one of the main 

causes of signal variations in metabolomics studies. Previous studies have shown that the use 

of dried plasma spots would be a suitable storage method for plasma and other blood samples 

that does not require specialised handling for shipping. Therefore, we propose a study to 

investigate the suitability of using dried plasma spots for sample shipping and storage between 

study sites in SSA. 
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Appendix 2. Participant information sheet and consenting form 
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Appendix 3. Recruitment and sampling checklist 
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Appendix 4. Protocol for FFPE tissue processing and H&E 

staining 

FFPE tissue processing and H&E staining 

Materials 

• Tissue processor 

• Tissue cassettes 

• Scalpel blades 

• Microtome blades 

• Dissecting board 

• Tissue Embedder 

• Embedding moulds 

• Forceps 

• Painters brush 

• Water bath 

• Ice Tray 

• Microscope glass slides  

• Glass coverslips 

• Filter paper 

• Microscope 

• Microtome  

• Hot plate 

Reagents 

• 10% buffered formalin 

• Paraffin wax 

• 70%, 80%, 95%, 96% and 100% ethanol 

• Xylene 

• Mayers Haematoxylin 

• Phloxine Eosin 

• Ammoniated water 

• Entellan 

Method 

The tissues for histological examination were fixed in formalin immediately after excision, 

processed in a tissue processor overnight, and followed by embedding in paraffin wax the 

following day. The blocks were stored in appropriate conditions until required for further study. 

Below follows the detailed procedure for tissue processing in the processor: 

Table 1: Tissue Processing Schedule (Leica Tissue Processor) 

REAGENT TIME 

10% Formalin Optional delay start 

70% Ethanol 2 hours 

96% Ethanol 2 hours 

96% Ethanol 2 hours 

100% Ethanol 2 hours 
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100% Ethanol 2 hours 

100% Ethanol 2 hours 

100% Ethanol 2 hours 

Xylene 2 hours 

Xylene 2 hours 

Paraffin wax (55-56°C) 2 hours 

Paraffin wax (55-56°C) 2 hours 

  

 

The above first step in formalin did not involve a standard time as the tissues were already 

collected and properly fixed in formalin.  This step was only used for the tissues to sit in for a 

delay start up.  Tissues were embedded using the Leica EG1140H embedder and the Leica 

EG1140C chiller plate (Leica microsystems, Nussloch GmbH, Heidelberger Str., Nussloch, 

Germany) was used to cool and harden the wax tissue blocks. 

Methods on how to make Haematoxylin and Eosin 

To make Mayer’s haematoxylin mix the following reagents 

• Hematoxylin 1g 

• Potassium 50g 

• Sodium iodate 0.2g 

• Citric acid 1g 

• Chloral hydrate 50g 

• Distilled water 1000ml 

Dissolve hematoxylin and sodium iodate in water. Add chloral hydrate and citric acid. Boil for 

5 minutes, cool and then filter.  

To make eosin mix the following reagents 

• 1% Phloxine B 10ml 

• 1% eosin y 100ml 

• 95% alcohol 780ml 

• Glacial acetic acid 4ml 
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Appendix 5. Protocol for metabolites extraction and mass 

spectrometry analyses 

Metabolite extraction 

Materials 

• Serum and valve biopsies 

• Reverse phase chromatography column 

• HPLC pump system and accessories 

• QTOF mass spectrometer 

• Nitrogen gas sample dryer 

• BSL II safety cabinet 

• High speed (>13,000 g) and low speed cooled centrifuge 

Reagents 

• 100% acetonitrile, purity (GC)≥99.9% 

• 100% methanol 

• Ammonium formate 

• Formic Acid 

• HPLC grade deionized water 

• NIST 1950 SRM – Human plasma metabolites standard 

Metabolites extraction from serum 

Prepare a batch with randomly selected 3 Cases, 3 Negative Controls, 3 Positive controls, 3 

pooled QCs, 3 standard QCs and blanks. 

1. Create pooled sample by collecting 50uL of all the samples into 1 aliquot. This forms 

the pooled-QC sample. 

2. Prepare the standard sample QC by reconstituting the provided external standard 

(NIST SRM 1950) add 50uL of NIST 1950 to 50uL of H2O and process for metabolites 

extraction as samples and pooled samples. 

3. For protein precipitation, add 400uL of ice-cold extraction solvent to 100uL 

plasma/serum samples/pooled QCs/external standard QCs into an Eppendorf tube. 

4. Vortex the mixture for 2 minutes at high speed. 

5. Allow the mixture to sit overnight in −20°C. 

6. Centrifuge the mixture at 14,000xg for 15 minutes in a cooled centrifuge (4-8°C). 

7. Decant the supernatant into a 3ml glass test tubes and dry the supernatant by blowing 

nitrogen gas at a block heated to 40°C. 

8. Store the pellet at −80°C until ready for analysis or reconstitute immediately. 

9. Reconstitute the pellet with 150uL of ACN: H2O (98:2) v/v with 0.1FA and 2mM 

Ammonium Formate and add it into Eppendorf tube. 

10. Conduct a quick centrifugation of the extract at about 14,000xg for 5 minutes to ensure 

there are no precipitates in the sample. 
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11. After centrifugation add the samples into micro-inserts in the LC vials ready for loading 

into the autosampler.  

Metabolites extraction from valve biopsies 

To prepare a batch prepare case tissues, negative control, positive control, and pooled 

QC samples. 

To obtain pooled QC samples obtain 20-50mg of all the tissues which will later be aliquoted 

to control for all the batches designed for all the analysis tissues. Homogenize the pooled 

QCs by crushing them first into a powder. The crushed powder is then aliquoted and stored 

in -80℃ until analysis. Process the pooled QC samples same as test samples. 

1. Obtain 40-100mg of fresh frozen tissues and should be mixed with the extraction 

solvent in the ratio 1mg/3uL of solvent i.e. ACN:MeOH (90:10) v/v in 1% formic acid 

(FA). 

2. Homogenize the tissue in homogenization tubes with 1.4mm ceramic beads and 

homogenize for three times over 20s at 5500 rpm with 30s pause intervals. 

3. Allow to sit overnight in −20°C. 

4. Centrifuge at 14,000xg for 10 minutes at (4-8°C) 

5. Add the supernatant into 3ml glass test tubes and lyophilize the supernatant with 

nitrogen gas at 30°C. 

6. Store the pellet at −80°C until ready for analysis. 

7. Reconstitute the pellet with 100uL of ACN: H2O (98:2) v/v in 0.1FA and 2mM 

Ammonium Formate and add it into GC vials with micro-inserts. 

Chromatography 

1. Reverse phase liquid chromatogram was used in this study. 

2. Stationary phase was Omega Polar C18 (particle size 1.6um, pore size 100, length 

10cm, internal diameter 3mm) (Phenomenex Inc., Torrance, CA, USA) operated at pH 

8.5., temperatures 30°C. 

3. Mobile phase (A) HPLC grade water with 2mM ammonium formate in 0.1% FA. (B) 

100% ACN:MeOH (1:1) v/v with 2mM ammonium formate in 0.1% FA. 

4. Total length of the gradient was 60 minutes at a flow rate of 0.4ml/min. The gradient is 

set as 0.5mins 5%B, 45mins 95% B, 47min 95%B, 47.10min 2%B, 60min 2%B. 

5. The flow rate set at 210uL/Min. 

6. 0.1% Formic acid is used to modify for positive ion mode and 0.1% ammonium 

hydroxide is used to modify for negative ion mode. 

7. The autosampler injection volume is 5uL/s set at 15°C with rinsing set at 2s at 35uL/s.  

8. Column oven set at 40°C. 

MS Method 

• Data acquisition is performed on +ve and -ve modes using data dependent methods 

(IDA) with the x500R q-TOF with dual ESI ion sources 

• Duration 60minutes, total scan time 0.713 seconds.  

• TOF mass range 50-1200 Da, accumulation time 0.1s with a declustering potential 70V 

and collision energy at 10V. time bins to sum was set at 4. CAD gas at 7. 

• Maximum candidate ions was set at 7, intensity threshold 50 counts/second and was 

set to exclude former candidate ions. Mass tolerance was set at +/- 50mDa 
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• TOFMSMS IDA ionspray voltage at 5500V, with an accumulation time of 0.08s, 

declustering potential 70V, with collision energy at 35V, collision energy spread 15V, 

Q1 unit resolution, time bins to sum 8 
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Appendix 6. Data processing parameters with XCMSOnline 

------------------------------------------------------------------------ 

XCMSOnline  version  2.7.2 

XCMS        version  1.47.3 

CAMERA      version  1.34.0 

------------------------------------------------------------------------ 

1. General parameters 

  Polarity   positive  

  Retention time format   minutes  

2. Feature detection 

  method : centWave 

  ppm   10  

  snthr   6  

  peakwidth   5 60  

  mzdiff   0.01  

  prefilter peaks   3  

  prefilter intensity   100  

  noise   0  

  Feature detection results : 

 1T36.mzML  [RHD_4]    -->  12356  Features.  

 1T43.mzML  [RHD_4]    -->  10464  Features.  

 2T49.mzML  [RHD_4]    -->  10742  Features.  

 4T51.mzML  [RHD_4]    -->  12356  Features.  

 1N41.mzML  [NRHD_5]    -->  4342  Features.  

 2N33.mzML  [NRHD_5]    -->  9572  Features.  

 3N35.mzML  [NRHD_5]    -->  16336  Features.  

 3N42.mzML  [NRHD_5]    -->  13612  Features.  

 4N45.mzML  [NRHD_5]    -->  12421  Features.  

 1C24.mzML  [CTL_4]    -->  10461  Features.  

 2C28.mzML  [CTL_4]    -->  7578  Features.  

 3C22.mzML  [CTL_4]    -->  8942  Features.  

 3C9.mzML  [CTL_4]    -->  10444  Features.  

 4C16.mzML  [CTL_4]    -->  14111  Features.  

 1QC-P1.mzML  [QC_P4]    -->  10717  Features.  

 1QC-P2.mzML  [QC_P4]    -->  4104  Features.  

 2QC-P2.mzML  [QC_P4]    -->  9314  Features.  

 3QC-P2.mzML  [QC_P4]    -->  12425  Features.  

 4QC_P1.mzML  [QC_P4]    -->  13709  Features.  

 1QC-S1.mzML  [QC_S4]    -->  6510  Features.  

 2QC-S1.mzML  [QC_S4]    -->  6718  Features.  

 2QC-S2.mzML  [QC_S4]    -->  5420  Features.  

 3QC-S1.mzML  [QC_S4]    -->  9811  Features.  

 4QC_S1.mzML  [QC_S4]    -->  8895  Features.  

 1B1.mzML  [BLK_4]    -->  7400  Features.  

 2B1.mzML  [BLK_4]    -->  6602  Features.  

 2B2.mzML  [BLK_4]    -->  4478  Features.  
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 3B1.mzML  [BLK_4]    -->  9686  Features.  

 4B1.mzML  [BLK_4]    -->  5670  Features.  

3. Retention time correction 

  method : obiwarp 

  profStep   0.1  

4. Grouping 

  method : density 

  bw   30  

  mzwid   0.01  

  minfrac   0.5  

  minsamp   3  

5. FillPeaks 

6. Diffreport  

  classes   RHD_4  

   classes   NRHD_5  

   classes   CTL_4  

   classes   QC_P4  

   classes   QC_S4  

   classes   BLK_4  

  statistical test   Kruskal Wallis  

  statistics.threshold.pvalue   0.01  

  statistics.diffReport.value   into  

  statistics.normalization   Median Fold Change  

Removing  QC_P4  from the statistical analysis 

Making Coeff. Var. from QC sample:  QC_P4  

Finished Running Statistical tests 

7. Additional Plots & Statistics  

 Running mummichog 

 Printing MDS plot 

 Printing static PCA and Select Scaling plot 

8. Annotation (isotopes & adducts) 

  featureAnnotation.CAMERA.annotate   isotopes  

  featureAnnotation.CAMERA.mzabs   0.015  

  featureAnnotation.CAMERA.ppm    10  

  featureAnnotation.CAMERA.sigma   6  

  featureAnnotation.CAMERA.perfwhm   0.6  

  featureAnnotation.CAMERA.maxcharge   3  

  featureAnnotation.CAMERA.maxiso   4  

  featureAnnotation.CAMERA.intensity   into  

9. Putative ID's (METLIN) 

  identification.METLIN.ppm   10  

  identification.METLIN.adducts   M+H  

 Found 1519 total, MS^2 spectra to match 
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Appendix 7. Data processing parameters with MS-DIAL 

MS-DIAL Data processing positive mode 

MS-DIAL ver. 4.48 

#Project 
 

MS1 Data type Centroid 

MS2 Data type Centroid 

Ion mode Positive 

Target Metabolomics 

Mode ddMSMS 

#Data collection parameters 

Retention time begin 0 

Retention time end 60 

Mass range begin 50 

Mass range end 1200 

MS2 mass range begin 50 

MS2 mass range end 1200 

#Centroid parameters 

MS1 tolerance 0.01 

MS2 tolerance 0.025 

#Isotope recognition 

Maximum charged number 2 

#Data processing 

Number of threads 1 

#Peak detection parameters 

Smoothing method LinearWeightedMovingAver
age 

Smoothing level 3 

Minimum peak width 5 

Minimum peak height 1 

#Peak spotting parameters 

Mass slice width 0.05 

Exclusion mass list (mass & tolerance) 

#Deconvolution parameters 

Sigma window value 0.5 

MS2Dec amplitude cut off 0 

Exclude after precursor TRUE 

Keep isotope until 3 

Keep original precursor isotopes TRUE 

#MSP file and MS/MS identification setting 

MSP file None 

Retention time tolerance  

Accurate mass tolerance (MS1)  

Accurate mass tolerance (MS2)  

Identification score cut off  

Using retention time for scoring  

Using retention time for filtering  

#Text file and post identification (retention time and accurate mass based) setting 

Text file 
 

Retention time tolerance 0.1 

Accurate mass tolerance 0.01 

Identification score cut off 85 

#Advanced setting for identification 

Relative abundance cut off 0 
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Top candidate report TRUE 

#Adduct ion setting 

#Alignment parameters setting 

Reference file (File directory of QC 
samples) 

Retention time tolerance 0.05 

MS1 tolerance 0.01 

Retention time factor 0.5 

MS1 factor 0.5 

Peak count filter 0 

N% detected in at least one group 0 

Remove feature based on peak height fold-change TRUE 

Sample max / blank average 5 

Sample average / blank average 5 

Keep identified and annotated metabolites FALSE 

Keep removable features and assign the tag for checking FALSE 

Gap filling by compulsion TRUE 

#Tracking of isotope labels 

Tracking of isotopic labels FALSE 

#Ion mobility 

Ion mobility data FALSE 

 

Data processing negative mode 

MS-DIAL ver. 4.70 
 

#Project 
 

MS1 Data type Centroid 

MS2 Data type Centroid 

Ion mode Negative 

Target Metabolomics 

Mode ddMSMS 

#Data collection parameters 
 

Retention time begin 0 

Retention time end 100 

Mass range begin 50 

Mass range end 1200 

MS2 mass range begin 50 

MS2 mass range end 1200 

#Centroid parameters 
 

MS1 tolerance 0.01 

MS2 tolerance 0.025 

#Isotope recognition 
 

Maximum charged number 2 

#Data processing 
 

Number of threads 1 

#Peak detection parameters 
 

Smoothing method LinearWeightedMovingAver
age 

Smoothing level 3 

Minimum peak width 5 

Minimum peak height 1 

#Peak spotting parameters 
 

Mass slice width 0.05 

Exclusion mass list (mass & tolerance) 
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#Deconvolution parameters 
 

Sigma window value 0.1 

MS2Dec amplitude cut off 0 

Exclude after precursor TRUE 

Keep isotope until 0.5 

Keep original precursor isotopes TRUE 

#MSP file and MS/MS identification setting 
 

MSP file None 

Retention time tolerance  

Accurate mass tolerance (MS1)  

Accurate mass tolerance (MS2)  

Identification score cut off  

Using retention time for scoring  

Using retention time for filtering  

#Text file and post identification (retention time and accurate mass 
based) setting 

 

Text file 
 

Retention time tolerance 0.1 

Accurate mass tolerance 0.01 

Identification score cut off 85 

#Advanced setting for identification 
 

Relative abundance cut off 0 

Top candidate report TRUE 

#Adduct ion setting 
 

Reference file (file directory of QC 
samples) 

Retention time tolerance 0.05 

MS1 tolerance 0.01 

Retention time factor 0.5 

MS1 factor 0.5 

Peak count filter 0 

N% detected in at least one group 30 

Remove feature based on peak height fold-change TRUE 

Sample max / blank average 5 

Sample average / blank average 5 

Keep identified and annotated metabolites FALSE 

Keep removable features and assign the tag for checking FALSE 

Gap filling by compulsion TRUE 

#Tracking of isotope labels 
 

Tracking of isotopic labels FALSE 

#Ion mobility 
 

Ion mobility data FALSE 
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Appendix 8. Protocol for MALDI MSI of fresh frozen tissues 

Cryosectioning of tissues 

1. Immediately after excision the tissues are diced and placed in labelled cryovials then 

snap frozen in liquid nitrogen. 

2. The tissues are then stored in -80°C until further analysis 

3. Prepare the cryostat microtome to be chilled to -20°C. prechill the sample stage and 

the ITO slides to -20°C. 

4. Also allow the tissue to acclimatize with the temperatures of the cryostat microtome. 

5. Mount the tissue with HPLC grade water by placing a drop on the prechilled stage and 

immediately mounting the tissue on the stage. 

6. While mounting the tissue ensure it is positioned in the desired orientation of the 

sections. 

7. Trim the tissue to obtain a flat surface. 

8. Obtain sections of 5μM and immediately thaw-mount the sections on the prechilled 

ITO slides by placing a warm finger behind the slide. 

9. Dry the slides by placing them in a desiccator for 15min. Ensure the desiccator is 

wrapped with aluminum or placed in 50ml blue cap tubes wrapped in aluminum. The 

sections should be protected from direct sunlight to avoid photodegradation. 

Tissue preparation for MALDI TOF 

1. The tissue sections should not be washed at all. Store it in beakers wrapped in 

aluminum foil. 

2. Prepare the 2,5-dihydroxybenzoic acid (DHB) matrix by dissolving 40mg/mL of DHB in 

0.1 FA and 50% methanol.  

3. To prepare 5ml of 40mg/mL DHB add 200mg of DHB in 50% Methanol in 0.1% FA. 

4. Dissolve the matrix in a sonicator for 15 minutes. 

5. For matrix spraying set up the fume hood, the HTX TM-Sprayer and the computer 

loaded with the HTX control software. 

6. Use 50% Methanol as the push solution in the HPLC pump. 

7. While preparing the equipment and loading the matrix make sure the sprayer knob is 

on LOAD. 

8. Open the software and set up the required protocol for your experiment. Choose 

appropriate method. Confirm the settings as (velocity = 1250 mm/min, flow rate = 

0.05mL/min, passes = 12, line spacing = 3mm, matrix density = 0.0128 mg/mm2, nozzle 

temperature = 80°C). 

9. On the software adjust the spraying according to the number of slides you need to 

spray. 

10. Set the temperature of the sprayer according to the values indicated in the protocol. 

11. Turn the knob behind the sprayer for nitrogen gas to the pressure recommended by 

the protocol. 

12. Wait for the temperatures to rise and click start on the TMX- control software. 

13. Push 5ml of the matrix though the syringe corresponding to the DHB matrix to be used 

for this experiment when the temperatures have risen above 30°C. 

14. Switch the sprayer knob from LOAD to SPRAY. 

15. Prepare the standard mix for calibration. Use the standards within the range of the 

targeted metabolites less than 1Da either on positive or negative mode. Mix the 

prepared group of standards with 40mg/mL DHB matrix this will be applied on the 

slides after spraying with DHB. 
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16.  After the sprayed slides are airdry, apply a spot on a cleaned area on the slide (can 

be wiped with methanol) using 1mL of the prepared standard mixture. Apply several 

layers by allowing it to dry before applying the next layer. Apply at least 4 layers of the 

standard. 

17. Draw orientation marks (teaching marks) using Tipp-Ex pen at the corners of the slide 

ensuring the tissue is within the markings. 

18. Scan the tissue with the scanner using the CyberviewX application, scan settings at 

3200dpi and 8-bit colour.  

19. Open scan>prescan>prescan current frame. Adjust the view area on the pre-scanned 

image. Click scan> scan current frame. 

20. Open the image that is automatically saved in the files, adjust the orientation according 

to the way the tissue will be loaded in into MALDI scanner. 

Equipment calibration 

Using Matrix peaks 

1. Prepare a matrix mix (2,5-dihydroxy-benzoic acid (DHB), α-cyano-4-hydroxycinnamic 

acid (HCCA) and 3,5-dimethoxy-4-hydroxycinnamic acid (SA)). 

2. Dissolve the matrices with the solvent used to apply the matrix on the tissue to make 

10mg/mL of each of the matrices. 

3. Make a spot on the ITO slide with 1uL of the calibrant added with multiple layers. 

MALDI MSI scanning of the tissue 

1. Insert slide into Rapilflex slide holder. 

2. Use a 96well plate lid to provide the orientation within the flex control environment. 

3. Mark the tissue orientation where the X marks locations are on the 96 well plate lid. 

4. Also highlight the location where the calibration spot is. 

5. Place the cover lid on top of MTP384 ground steel plate and use it for orientation. 

6. Open the flex control. 

7. Insert the slide carrier into rapiflex. 

8. Select the correct geometry (MTP slide adaptor II). 

9. Select method (check method for small molecules). 

10. Press the insert button.  

11. Navigate to the calibration spot and press start to shoot. 

12. If the spectra is of good quality “add” repeat 3 times  

13. Display sum spectra. 

14. At the calibration tab select the relevant mass control list of calibrations. Select the 

suitable calibration method. 

15. Click on automatic assign and click on apply when at least 3 mass standards are 

assigned. 

16. Open flex imaging. 

17. Set up new imaging run. 

18. Assign a name to your image run. 

19. Acquisition settings raster 50μm, method (suitable for small molecules). 

20. Processing options select “perform smoothing” and perform base line subtraction. 

21. Select the image that was scanned. 

22. Create 3 teaching points on image at the fleximaging guided by the X marks that had 

been made. 

23. On the flex imaging create ROIs around the tissue edges using polygon function. 
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24. Draw the ROIs with the mouse then click “start automatic run” navigate to flex control 

and wait until the image run is complete. 

25. Navigate back to flex imaging and click load results. The data will be saved in D:\data 

drive. 

26. Inspect the loaded spectra. 

27. Conduct another scan as stated above however only using the areas with only the 

matrix as an ROI. This will be used to remove matrix effect. 

MALDI data analysis with ScilsLab 

1. Plug in scilslab software dongle.  

2. Open the scils lab from the icon. 

3. To make independent data sets Load the dataset into the scils lab by clicking on 

File>New>select TOF> Next. 

4. Use the red+ to add the data sets you need to analyze.  

5. To combine two or more data sets into one .sl file click on New (combine data sets into 

a new .sl file. 

6. Select TOF as the instrument type> next>click on the red+ to navigate to the data sets 

stored in D:data file keep adding as many as the data sets you want to compare. 

7. When all the data sets have been imported then you can conduct downstream 

analysis. 

8. Name the new data set formed based on the datasets merged. 

Statistical analysis in scils lab to extract significant features 

1. Follow the scils lab resources and webinars to extract/discover m/z that correlate 

with the annotated regions. 

2. Show the ROC data to show the discriminatory power of the idenfied marker m/z. 

3. Use find colocalized m/z values tools to determine features that are exclusive for 

an ROI by selecting a correlation threshold of 0.5.  

ScilsLab statistics analysis to extract significant features 

1. Import the images into one datafile as previously explained by importing raw spectra 

data. 

2. The pipelines for data pre-processing. The pipelines help with peak picking, alignment, 

and look for similar or different m/z features between the cases. There are two 

pipelines. Classification pipeline and the segmentation pipeline. 

3. The classification pipeline looks for features distinguishing the ROIs. When using 

classification, provide the training, validating and classification dataset. One needs to 

divide the datasets to help with the classification. Use the obtained m/z intervals and 

generate m/z images and investigate their distribution on the tissues. Use the intensity 

boxplots and the ROC curves to determine how well they differ between the ROIs of 

interest. Outputs from Classification pipeline is different thus conducting a discriminant 

analysis is invalid. 

4. While using the segmentation pipeline, it does not consider the differences in the 

tissues. Conducts spectra alignment and peak picking. To determine discriminating 

m/z features, use component analysis. 

5. PCA analysis. Uses the aligned m/z intervals. After the PCA outputs investigate the 

important m/z features from the loadings. Draw the 95 CI ellipse and anything outside 

the ellipse is the important features. Explains the most to the differences in the ROIs 

of interest. Also check the output in the m/z intervals with the most features. Check the 
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segmentation pipeline peaks output. Feed the results into the viewer and also use it to 

obtain the PCA analysis. 

6. To obtain the features, ensure that the identified features generate or forms clear 

peaks after alignment and peak picking. The formed peak can be used to obtain the 

m/z image that can be assessed on its distribution on the tissues, check the AUC, 

check the intensity box plot.  

7. After loading the PCA component that explains the most variation, choose to see the 

spectra as gel. The brighter bands show m/z features with high loading values. 

Generate the m/z images and inspect their distribution around the tissue using the 

intensity boxplots and AUC 

8. After the analysis export the data as table include the peaks output and then include 

other columns necessary for further analysis and presentation of the data 

9. If one has a set of m/z features of interest, use the peaks results and manually generate 

the m/z image and inspect the ion’s distribution around the tissue.  
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Appendix 9. Data management plan 
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