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Summary           
 
Various studies have identified TB-induced metabolome variations.  However, in most of these studies, 

the unaccounted-for variation between individual patients is noteworthy.  To investigate one potential 

cause of this variation, we evaluated the effect of sex on the sputum metabolomes of TB and TB/HIV 

co-infected individuals.  Untargeted GCxGC/TOF-MS analyses were applied to the sputum of 31 TB+ 

and 197 TB- individuals.  Univariate statistical methods were used to identify metabolites that differ 

significantly between TB+ and TB- individuals within each sex (male and female) 1) irrespective of HIV 

status and 2) for HIV+ patients. 

Ignoring HIV status, 21 compounds were significantly different between the TB+ and TB- individuals 

within the female subgroup (11% lipids; 10% carbohydrates; 1% amino acids, 5% other and 73% 

unannotated), and six within the male subgroup (20% lipids; 40% carbohydrates; 6% amino acids, 7% 

other and 27% unannotated). For the HIV+ patients (TB+ vs TB-), a total of 125 compounds were 

significant within the female subgroup (16% lipids; 8% carbohydrates; 12% amino acids, 6% organic 

acids, 8% other and 50% unannotated), and 44 within the male subgroup (17% lipids; 2% 

carbohydrates; 14% amino acids related, 8% organic acids, 9% other and 50% unannotated).  One 

annotated compound, 1-oleoyl lysophosphatidic acid, was consistently identified as a TB marker, 

irrespective of sex or HIV status. 

In this cohort, sex played a definite role in how TB and TB/HIV infection perturbs the metabolome.  

Our findings, therefore, highlight the need for better stratified cohorts in metabolomics studies. 

 

Keywords: tuberculosis; sputum; HIV/TB co-infection; GCxGC-TOFMS; metabolomics 

 
Please note that large parts of this dissertation, including the summary, was accepted for 

publication as a scientific paper in Metabolomics journal (impact factor = 4.7).  
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Chapter 1: Preface 

1.1 Background, motivation and problem statement 

Tuberculosis (TB), caused by Mycobacterium tuberculosis (M. tuberculosis), still poses a threat, not 

only to health, but also to socio-economics, particularly in low and middle income countries. New TB 

diagnoses are estimated at 10 million, with 1.2 million deaths among human immunodeficiency virus 

(HIV)-negative TB patients and 208 000 deaths in HIV and TB co-infected individuals (WHO, 2020).  

Moreover, a difference in TB prevalence exists between males and females, with males having a 1.6 

times higher prevalence than females (World Health Organization, 2016). 

 

In the fight against TB, various research groups are applying the increasingly popular research 

approach known as metabolomics to investigate various aspects of the diseases, ranging from basic 

biology to the identification of disease biomarkers and improved treatment regimens (Du Preez et al., 

2019).  The cohorts used in these studies are, however, complex, including patients with large 

individual variation (age, sex, etc.) and an array of environmental factors such as comorbidities, eating 

habits, smoking, etc. (Koen et al., 2016).   Previous reports indicate that many of these internal and 

external factors can perturb the human metabolome, even in participants considered to be healthy 

(Darst et al., 2019, Li et al., 2018, Krumsiek et al., 2015).   

 

We therefore hypothesize that genetic factors and comorbidities, such as sex and HIV status, could 

have a concomitant effect on the host metabolome variations induced by active TB, but it is still 

unclear on what specifically the impact might turn out to be.  Although the collection of sputum can 

be considered invasive, especially in HIV co-infected individuals, it originates directly from the source 

of infection, and therefore reflects variations in the host metabolome due to the active disease state 

in addition to the bacterial infection (Du Preez et al., 2019).   

 

Sputum is a viscous matrix complicating the analysis thereof. Our research group has developed a 

procedure specifically focused on the GCxGC-TOFMS analysis of sputum samples which, in summary, 

includes a homogenization step before performing the extraction (Schoeman et al., 2012).  When 

applying this technique to TB patient samples, the team was able to identify several altered 

metabolites characterising changes induced by active TB in the sputum metabolome, better describing 

the disease and also establishing several new hypotheses (Du Preez & Loots, 2013).  Many samples 
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were, however, considered outliers, and excluded from the final datasets.  The reason for the 

divergent metabolite profiles was not apparent, highlighting the need for the proposed sub-cohort 

investigation in this study.  More specific or personalised TB metabolome profiles can lead to a better 

understanding of the disease which could ultimately aid in the development of personalised TB 

diagnostic and treatment approaches. The goal when studying these obtained TB profiles is the 

discovery of unique disease biomarkers, irrespective of sex and HIV status, that can be applied for 

developing rapid point of care tests, thereby accelerating diagnosis and treatment.  

 
1.2 Aim and objectives  

1.2.1 Aim 

 To determine the influence of sex (genetic) and HIV-status (comorbidity) on the 

sputum metabolome of pulmonary TB patients.  

1.2.2 Objectives 

1. To evaluate method performance of a previously developed total metabolome 

extraction method and untargeted two-dimensional gas chromatography time-

of-flight mass spectrometry (GCxGC-TOFMS) analysis of sputum samples.   

2. To analyse all samples (TB+ and TB-) using the method from objective 1, and to 

apply this data to determine the metabolic variation when comparing the 

sample groups (TB+ and TB-), irrespective of sub-cohort classifications.  

3. To determine the effect of sex and HIV-status on the TB-induced metabolome 

change identified in objective 2, using univariate and multivariate statistical 

analyses. 

1.3 Structure of the dissertation and research outputs 

This dissertation complies with the requirements of the North-West University (NWU) for the 

completion of an MSc degree (Biochemistry) in article format.  For this reason, each chapter has an 

introduction, body, and reference list. Chapter 1 gives a general introduction to the study by 

describing the problem statement, aims and objectives.  A summary of the content of each chapter 

and the contribution of co-authors and co-workers is also provided here. Chapter 2 provides an 
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overview of the literature required to contextualise the subsequent chapters. This chapter was written 

in the format of a mini review paper, focussing on the importance and relevance of sputum as a sample 

matrix in metabolomics research, for future publication purposes. Chapter 3 describes the overall 

study design and the materials and methods used in greater detail.  Parts of Chapter 3 was submitted 

for publication as an original paper and presented as a poster at an international conference: 

  
● Beukes, D., Van Reenen, M., Loots DT., Du Preez, I. The effect of sex on the sputum 

metabolome of TB and TB/HIV co-infected individuals: An untargeted GCxGC-TOFMS study.  

Accepted for publication in Metabolomics - 10 May 2023. 

 

● Beukes, D., Van Reenen, M., Loots DT., Du Preez, I.  The effect of sex on the sputum 

metabolome of TB and TB/HIV co-infected individuals. Presented as poster at the 18th Annual 

Conference of the Metabolomics Society: Metabolomics 2022: Valencia, Spain, 19-23 June 

2022. 

 
Chapter 4 reports the results of the study and provides a thorough discussion of the findings.  The 

final chapter, Chapter 5, provides a summary of the main outcomes and conclusions drawn from the 

study, culminating in considerations for future applications. 

 

1.4 Author contributions 

The contributions of the main author of this dissertation (Ms Derylize Beukes), co-authors and co-

workers are given in Table 1.1. 

The following statement from the main author, supervisor and co-supervisors confirms their roles in 

the study and gives their permission that the data and conclusions drawn from this study may be used 

as part of this dissertation: I declare that my role in this study, as indicated in Table 1.1, is a 

representation of my actual contribution, and I hereby give my consent that this work may be published 

as part of the M.Sc. dissertation of Derylize Beukes. 
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MSc Candidate 
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Performed statistical analysis, drafted and compiled 
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Dr Ilse Du Preez 
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Supervisor 

Conceptualised, coordinated and supervised all 
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Chapter 2: Literature review 

 

2.1 Introduction 

TB is recognised as one of the leading causes of morbidity and mortality globally.  In 2019, an 

estimated 10.0 million people fell ill with active TB.  Men (aged ≥15 years) accounted for 56% of 

individuals who developed TB in 2019, whereas women (aged ≥15 years) accounted for 32% and 

children (aged <15 years) for 12% (World Health Organization, 2020).  Various factors are 

hypothesized to explain the sex gap, including biological differences in the disease presentation and 

distinct access to health care (Ingersoll, 2017; World Health Organization, 2005).  In addition, it is well 

known that women and men react differently to stress and have divergent coping abilities (Bassuk & 

Manson, 2015; Leening et al., 2014).  Moreover, of all active TB cases recorded globally in 2019, 8.2% 

were among people living with HIV (World Health Organization, 2020).  Since as early as the 1980’s, 

HIV infection has been considered one of the most important predisposing factors for developing 

active TB from a latent infection (Zumla et al., 2000).  Inversely, TB is one of the leading causes of 

death among people living with HIV (Center of Disease Control, 2016).  The goal of this MSc was to 

determine if sex and HIV status have prominent effects on the sputum metabolome profiles of 

pulmonary TB patients, to ultimately aid in the development of personalised diagnostic and 

therapeutic approaches.  In accordance, this chapter provides a comprehensive background on 

metabolomics as a research field and the analytical apparatus typically used in these investigations; 

the application of sputum as a sample matrix in metabolomics studies; and the known metabolome 

variations related to sex and HIV status in healthy individuals.  

 

2.2           Metabolomics  

Metabolomics is a research approach involving the quantitative measurement of metabolic changes 

in a living system in response to a genetic variation or physiological stimuli (Dunn et al., 2005; Collino 

et al., 2013). These metabolic changes are measured via the identification, quantification, and 

characterisation of the metabolome, the latter of which includes all small molecules (< 1500 Da) such 

as metabolic intermediates, hormones, and other signalling molecules, as well as secondary 

metabolites found in a specific cell, organ, organism or biofluid.  Metabolomics can, therefore, be used 

to characterise a specific metabolic phenotype related to an external or internal perturbation, such 
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as, age, sex, or a disease state (Wishart et al., 2007). The recent application of different metabolomics 

methodologies has led to the identification of metabolites/metabolite profiles which better 

characterise a variety of phenotypes, thereby envisaging biomedical applications such as diagnostics, 

monitoring of disease progression and treatment efficiency, and the development of personalised 

treatment plans (Gonzales-Covarrubias et al., 2022).   

 

Metabolomics can be approached in an untargeted or targeted manner.  Per definition, untargeted 

metabolomics is the comprehensive analysis of all measurable analyte features in a sample.  In this 

case, features are typically annotated based on the similarity of their spectra with those in spectral 

libraries and quantified relative to an internal standard.  In contrast, targeted metabolomics is the 

measurement of predefined groups of chemically characterised metabolites (Ribbenstedt, Ziarrusta & 

Benskin, 2018).  Annotation is based on the similarity to spectra obtained from the analyses of 

compound standards and may or may not include retention time matching. Absolute quantification is 

applied in targeted analysis by including internal standards (isotopes) and/or calibration curves for 

each compound.  The untargeted approach is widely used for the potential discovery of new 

metabolite variations and is therefore regarded as an exploratory or “hypothesis generating” 

approach.  In contrast, targeted analyses are applied when specific compounds, compound class or 

metabolic pathways are of interest, often based on preceding untargeted results, hypotheses 

generated from literature searches or known disease-induced metabolic variations (i.e. diagnostics of 

inborn metabolic disorders). Both targeted and untargeted metabolomics have been successfully 

implemented in the past few years to better characterise numerous aspects of TB using an array of 

sample matrices, analytical apparatuses and statistical methodologies (Du Preez et al., 2019).   

 

2.2.1 Analytical techniques used in metabolomics 

 

A range of analytical instruments can be used for metabolomics applications.  The most widely used 

techniques are chromatography-based, including gas (GC) and liquid chromatography (LC), which are 

usually coupled to a mass spectrometer (MS).  Capillary electrophoresis (CE) and nuclear magnetic 

resonance (NMR) are also popular (Kaddurah-Daouk et al., 2008).  Each of these analytical platforms 

comes with a set of advantages and disadvantages, however, the preferred platform depends mainly 

on the application (untargeted or targeted) and the sample matrix (Emwas et al., 2015). 
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Comprehensive GC- and LC- untargeted metabolomics analysis is performed using mostly TOF-based 

mass analyzers due to their ability to acquire full mass range spectra without sacrificing speed or 

sensitivity which makes it an excellent choice for qualitative and quantitative analyses across a wide 

dynamic range to then better characterize complex mixtures (Lei et al., 2011).  When focusing on the 

different analytical platforms available for both targeted and untargeted approaches, Table 2.1 

compares the performance of NMR and GC or LC-MS-based applications for metabolomics.   

 

Table 2.1: Summary of the advantages and disadvantages of mass spectrometry (MS) vs nuclear magnetic resonance (NMR) 

spectroscopy for metabolomics applications (Adapted from Emwas et al. 2019) 

Performance 

parameter Nuclear magnetic resonance (NMR) 
Mass Spectrometry (MS)  

(Either GC-MS or LC-MS) 

Reproducibility High reproducibility Less reproducible 

Sensitivity 

Intrinsically low but can be improved with multiple 
scans (time), higher magnet field strength, cryo-
cooled and microprobes, and hyperpolarization 
methods 

High sensitivity: metabolites with nanomolar 
concentrations can be readily detected 

Selectivity 
Mostly applied for nonselective analysis. Peak 
overlaps from multiple detected metabolites pose 
major challenges 

Highly selective 

Sample measurement Measures all metabolites at a detectable 
concentration in one run 

Different ionization methods are required to 
maximize the number of detected metabolites 

Sample preparation Minimal sample preparation More extensive sample preparation. Requires sample 
derivatization for in GC analyses 

Sample recovery Non-destructive - the sample can be recovered and 
analysed again with a different method Destructive; sample cannot be recovered 

Quantitative analysis 
NMR is inherently quantitative as the signal intensity 
is directly proportional to the metabolite 
concentrations and number of nuclei in the molecule 

The intensity of the MS line is often not correlated 
with metabolite concentrations as the ionization 
efficiency is also a determining factor. 

Fluxomics analysis 

Permits both in vitro and in vivo metabolic flux 
analysis. Inherently quantitative so enables precise 
quantification of precursors and products. Mapping 
of stable isotope locations and incorporating points in 
molecules is very easy 

Can be used for fluxomics analysis; however, the 
destructive nature means it is somewhat more 
limited than NMR-based fluxomics. In vivo fluxomics 
is not possible with MS, and isotope mapping is more 
difficult. 
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Tissue samples 
Can detect metabolites in tissue samples using high-
resolution magic-angle sample spinning (HRMAS) 
NMR 

Although some MALDI-TOF approaches can be used 
to detect metabolites in tissue samples, these 
approaches are still far from being routine. 

Number of detectable 
metabolites 

Depending on spectral resolution, usually less than 
200 metabolites can be unambiguously detected and 
identified in one measurement 

Using different MS techniques, it is possible to detect 
thousands of different metabolites and identify 
several hundred 

Targeted analysis 
Can be used for both targeted and untargeted 
analysis, but it is not commonly used for targeted 
analyses. 

Can be used for targeted and untargeted analysis, 
depending on the mass analyser (e.g. TOF or MS/MS) 

In vivo studies 
Using magnetic resonance spectroscopy (MRS), in 
vivo investigation can be carried out most often using 
nuclei such as 1H and 31P. 

Although desorption electrospray ionization (DESI) 
may be a useful way to analyse tissue samples during 
surgery, MS is not used for in vivo metabolomics 
studies. 

 

The minimal and non-destructive nature of sample preparation, the capacity to quantify metabolites, 

and the superior level of reproducibility, makes NMR the preferred platform for long-term or large-

scale clinical metabolomics research projects.  The advantages listed are, however, often outbidded 

due to the superior detection limits of LC-MS and GC-MS (Emwas et al., 2019).  For targeted analyses 

and routine diagnostic applications quadrupole (single and triple) mass analysers are typically used.  

For comprehensive untargeted GC- and LC- metabolomics analysis, time-of-flight (TOF)-based mass 

analysers are preferred due to their ability to acquire full mass range spectra without sacrificing speed 

or sensitivity. 

In this MSc, sputum, collected directly from the site of infection, the lungs, was the sample matrix of 

choice.  Despite sputum being used as a matrix for TB diagnostics, it is considered a complex sample 

type, requiring extensive processing and homogenisation prior to metabolomics analysis (Schoeman 

et al., 2012).  For this reason, we chose to analyse these extracts on the highly advanced, 

comprehensive two-dimensional (2D) GCxGC-TOFMS.  GCxGC has become a revolutionary tool 

capable of high-resolution separation of metabolites in complex mixtures (Dimandja, 2004; Eiserbeck 

et al., 2011, 2012; Merritt and Hayes, 1994; Ventura et al., 2007). GCxGC established the visualisation 

of 2D analytical separation anticipated some 25 years ago (Giddings, 1984). The resolution power of 

GCxGC is achieved by linking two GC columns, consisting of different stationary phases (e.g., nonpolar 

and polar), via a cryogenic dual-stage modulator to concentrate the fraction compounds eluting from 

the first GC column within a certain modulation period, to a fine band.  This fraction is then transferred 

into a second GC column where it is separated based on varying chromatographic selectivity 

(Adahchour et al., 2008).  The separation technique is regarded as comprehensive, since all the 
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fractions collected from the first column are transferred to a second separation dimension (Figure 

2.1).  This technique differs from other multidimensional techniques, for example, heart-cut (e.g., 

Sciarrone et al., 2010), which only transfers specific fractions of the sample for further separation.  The 

addition of the second dimension enhances the peak capacity of a chromatogram by as much as 20-

fold as all compounds in a sample can be distributed within an area spanned by the first and second 

dimension, as opposed to a single dimension. Because of its fast acquisition rate capabilities, TOFMS 

is ideal for delineation of narrow second dimension peaks. 

 

Figure 2.1: A two-dimensional total ion chromatogram (TIC) representation example which exhibits the two retention times 

obtained for the chromatogram of each compound. 

The comprehensive, untargeted analysis of sputum can lead to the detection and identification of 

compounds from numerous compound classes, representing most biologically relevant metabolic 

pathways. Various multivariate and univariate statistical techniques can then be employed to identify 

variation between experimental groups, such as TB+ and TB- individuals, leading to a better 

understanding of the underlying mechanisms of the perturbation being investigated.   
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2.3 Sputum as a research and clinical specimen 

Sputum, located in the lungs in increased quantities in common lung-related disease states, such as 

cystic fibrosis (CF), bronchial asthma, lung cancer and TB, consists of two major components, one 

being the thicker mucous material (distinctly different to saliva), which consists of mucus, whole cells, 

and cellular materials. The second component is serous fluid, which does not contain cells and is 

heavily contaminated with saliva. Sputum is produced by the cells that line the airway and is normally 

secreted into the lower airways of the respiratory tract, working with cilia to trap and remove foreign 

substances or pathogens (Voynow & Rubin, 2009). 

Some of the limitations and important aspects to be considered during sputum collection include:  

• Collection variability: The quality and quantity of sputum collected can vary widely depending 

on the individual and the method of collection. This can affect the accuracy and reproducibility 

of research results. 

• Contamination: Sputum samples can easily be contaminated with saliva, which can affect the 

accuracy of the results. It is important to ensure that sputum is collected properly to minimize 

contamination. 

• Inability to collect: Some individuals may not be able to produce sputum or may find it difficult 

to expectorate. This can limit the usefulness of sputum as a diagnostic or research specimen. 

• Limited utility for certain pathogens: Sputum may not be the best specimen for detecting 

certain respiratory pathogens, such as viruses or Mycobacterium tuberculosis, which may 

require other types of specimens like nasopharyngeal swabs or bronchoalveolar lavage. 

All the limitations mentioned above was considered and as sample collection was not performed by 

our group, it could not be intricately controlled by us per se, but the general pathology lab collection 

procedure for standard TB testing was followed. All subjects included in this study visited a clinic to 

specifically be tested for some undiagnosed lung related disease, thus sputum production was likely 

not a problem. The study purposefully wanted to collect sputum, since this is the current chosen 

matrix for testing for TB disease in South African clinics, hence we didn’t consider additional sample 

matrices such as nasopharyngeal swabs or bronchoalveolar lavage. Sputum smear microscopy could 

still be a helpful screening tool in cases where very little sputum is collected, or determination of the 

specific strain is the most important, but culture confirmation is still a requirement.  In a previous 

study, it was found that the yield of sputum is higher in patients with chronic obstructive pulmonary 
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disease (COPD) and asthma compared to healthy controls (Fahy et al., 2001). The increased quantities 

of sputum (sputum hyperproduction) in various lung disease states could in part be attributed to 

extensive lung damage, which further adds to additional mucus build-up in the lungs.  Even though 

the exact mechanism for mucus hyperproduction in TB has not yet been elaborated, Cohn et al. (2002) 

were able to connect this occurrence to the mechanism of T helper 2 (Th2) lymphocytes in the absence 

of interleukin-4 (IL-4), IL-5, eosinophils, and mast cells but in conjunction with IL-4 receptor alpha 

signalling. The study established that Th2 cells in the absence of IL-13 were not able to encourage 

mucus production, even where airway inflammation is present.  IL-13 was shown to function directly 

on goblet cells (specialised epithelial cells responsible for producing mucus), providing an explanation 

as to why inflammation of the airways results in mucus hyperproduction in asthma disease states.  

Various other studies detected increased activity in the abovementioned cytokines (Lienhart et al., 

2002; Harris et al., 2007), implying that the proposed mucus hyperproduction mechanism in asthma 

disease might be similar in TB (Luies and Du Preez 2020).  

Typical sputum processing involves the separation of sputum from serous fluid, followed by the 

analysis of cell viability, and measurement of total cell counts.  The presence of inflammatory 

mediators and cells in sputum can be determined by means of microscopy or other techniques.   

Even though induced sputum acquisition has been performed since the early 1950’s, the procedure 

has only been standardised in the past two decades in an effort to reduce variability and adverse 

effects in these individuals.  Figure 2.2 (below) illustrates a typical protocol for the induction of sputum 

(adapted from Lacy et al., 2005).  In short, it entails the issuing of nebulized hypertonic saline at 

selected increasing doses, which is then to be inhaled by the patient. 
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Figure 2.2: Example of a procedure followed for sputum induction as done for sample collection and consequent testing 

(adapted from Lacy et al, 2005). Abbreviations: Forced expiratory volume in 1 second (FEV1) Forced vital capacity(FVC) 

 

The standardised induction procedure promoted the field of sputum research and consequently 

elaborated on our understanding of airway diseases such as asthma and COPD (Fahy et al., 1993; 

Keatings & Barnes 1997; Wielders and Dekhuijzen 1997; Rutgers et al., 2001). The specific degree of 

airway inflammation at the time of sputum collection can easily be determined by the presence and 

prevalence of cellular markers, measurements which are often critical in diagnosing and predicting 
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patient responses to treatment. Cell counts tend to correlate with respiratory physiology data and so 

may contain valuable information about the progression of a particular disease state (Lacy et al., 

2005). In addition, the method provides highly reproducible measurements, which makes it a 

preferred matrix for the diagnosis of specific airway diseases such as TB (Lacy et al., 2005).  

Robert Koch demonstrated the first microscopic staining method for detecting M. tuberculosis from 

sputum in 1882 (Dorman, 2010). Sputum smear microscopy is currently still used as a point-of-care 

(POC) method for TB diagnosis in endemic countries, the ease and speed of the technique outweighing 

its poor sensitivity (±60%) (Steingart et al., 2006). This diagnostic method entails the collection of 

sputum and then “smearing” it thinly on a glass slide prior to staining with a dye that binds to 

mycobacteria specifically, making the bacteria easier to visualize and identify under a microscope 

(ECDC, 2018). Sputum smear microscopy, however, has significant limitations, one of which is a lack 

of sensitivity when the bacterial load is less than 10 000 organisms/mL. The outcome is also hampered 

in patients with extrapulmonary TB, paediatric TB, and patients co-infected with HIV (Desikan, 2013).  

Although the current “gold standard” for TB diagnostics, bacteriological culture, provides the required 

sensitivity, it takes several weeks to obtain results, requiring well-equipped laboratories and trained 

personnel (Adler et al., 2005).  This extended turn-around time results in delayed diagnosis and 

treatment, as well as continued transmission and the risk of developing drug resistance (Storla et al., 

2008). The application of newer research fields, such as metabolomics, might lead to the identification 

of novel, more sensitive and specific TB biomarkers, with the capacity to elucidate previously unknown 

disease mechanisms, and potential to develop improved point of care (POC) TB devices. 

 

2.4 Application of sputum in metabolomics research 

Metabolomics studies conducted on sputum are limited.  To date, most of these investigations have 

focussed on the characterisation of COPD, bronchial asthma, CF, lung cancer and TB.  Table 2.2 gives 

a broad overview of these studies, including the analytical platform used, metabolite markers 

identified, and statistical methods applied. Table 2.2 was compiled to investigate whether the same 

type of metabolites identified in TB cases correlate with those in some of the other lung diseases 

mentioned above. The summary also highlights metabolites which were identified for more than one 

study (bold text).  



        

      

 

23 
 

Table 2.2: An overview of metabolomics studies using sputum as a sample matrix.  Metabolites identified as markers in more than one study, are indicated in bold. Studies are listed in 

chronological order.  

Reference Disease 
investigated 

Analytical apparatus 
used Disease markers  

Statistical methods 

Ahmed et al. 
(2022) Lung cancer LC-QTOF-MS Glucose, adenosine monophosphate, N1, N12- diacetylspermine 

MFC; Benjamini–Hochberg multiple 
correction method; Mann–Whitney paired 
test and Bonferroni test 

Breen et al. 
(2022) CF 

LC-MS/MS, 
UHPLC-QTOF/MS[+], 
UHPLC-MS/MS with QHESI-
II 

C18 ceramides, 2-methylcitrate, tryptophan associated metabolites, serine, threonine, histidine, lysine, 
tryptophan, leucylglycine, phenylalanylalanine, valylglycine, sPLS-DA 

Chandra et al. 
(2022) TB 

RP/UPLC-MS/MS[+], 
RP/UPLC-MS/MS[-], 
HILIC/UPLC-MS/MS[+] 

Cholestenone(4-cholesten-3-one), methylsuccinate, methylcitrate, and 2-aminoadipate, 
methylsuccinate, methylmalonate,2-methylcitrate, 4,5-9,10-diseco-3-hydroxy-5,9,17-tri-oxoandrosta-
1(10), 2-diene-4-oic acid (DSHA)  

PCA; Random Forest; Box plots; ANOVA  

Liu et al. (2022) Bronchial 
asthma UHPLC-QTOF/MS[+] 

Adenosine 5′-monophosphate, allantoin, nicotinamide, histamine, histidine, 5-L-glutamyl-L-alanine, 
nicotinamide, dihydrothymine, L-leucine, L-phenylalanine, alanyl-leucine, phenylalanyl-serine, 
phenylalanylphenylalanine, glyceric acid, taurine, dihydrothymine, tyramine, L-glutamate, threoninyl-
phenylalanine, taurine, glycerophosphocholine, heptadecanoic acid, oleic acid, dodecanoic acid 

OPLS-DA; pathway topology enrichment 
analysis; Logistic and negative binomial 
regression models 
 

Zhu et al. (2020) COPD LC-MS/MS, 
ELISA Superoxide dismutase, myeloperoxidase, 8-iso-prostaglandin F2α 

 
PCA; OPLS-DA; Pathway enrichment 
analysis 

Tian et al. (2017) Bronchial 
asthma 

UHPLC-QTOF/MS[+] 1-Hexadecanoyl-sn-glycerol, Glycerol 1-stearate, Sphingosine, PC (16:0/16:0) 
1-Hexadecanoyl-sn-glycerol, glutamic acid-proline , proline-arginine , L-arginine, phenylalanine-histidine, 
N-Acetyl-D-glucosamine, Gamma-L-Glutamyl-L-valine, Glutamic acid-Proline, lysine-proline, 
phenylalanine-isoleucine, phenylalanine-histidine, proline-valine, urocanic acid, tyrosine-proline, 
histidine-proline, tyrosine-proline, N-Acetyl-D-glucosamine, lysine-phenylalanine, threonine-
phenylalanine, L-Citrulline, arginine-phenylalanine, adenine, phenylalanine-tyrosine, phenylalanine-
glutamine, tyrosine-alanine, phenylalanine-serine  

PCA; OPLS-DA; t-test 

Tian et al. (2017) Bronchial 
asthma 

UHPLC-QTOF/MS[-] Cytidine 2’,3’-cyclic phosphate, 1-Hexadecanoyl-2-(9Z-octadecenoyl)-sn-glycero-3-phospho-(1’-rac-
glycerol), 1-Octadecanoyl-2-(9Z-octadecenoyl)-sn-glycero-3-phosphoserine, 1-stearoyl-sn-glycero-3-
phosphocholine, Thymine, p-Chlorophenylalanine, Phenylpyruvate, Phosphoenolpyruvate, Urocanic acid, 
Adenine, Gamma-L-Glutamyl-L-valine, Thymidine  
 
 

PCA; OPLS-DA; t-test 
 
 
 
 

Reference Disease 
investigated 

Analytical apparatus 
used Disease markers  

Statistical methods 
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Ahmed et al. 
(2016) 

Lung cancer 1H-NMR N-acetyl sugars, glycoprotein, propionate, lysine, formate,methanol, ethanol, acetate, acetone Fisher’s exact test; Wilcoxon two-sample 
test 
 

Cameron et al. 
(2016) 

Lung cancer  FIE-MS and GC-MS Putrescine, N,N,N-Trimethylethenaminium, glycerophospholipids of the cardiolipin(PC) class, isobutyl 
decanoate, diethyl glutarate, hexanal, cysteic acid, hydroxypyruvic acid, and the cholesterol ester with an 
acyl group CE (22:5(4Z,7Z,10Z,13Z,16Z)),  gangliosideGM1 (18:1/12:0) 
 

PCA; HCA with heat maps; RF; ROC-AUC 
 

O’Shea et al. 
(2016) 

Lung cancer  FIE-MS Phenylacetic acid, L-fucose, caprylic acid, acetic acid, propionic acid, glycine PCA; Welch t-tests 

Quin et al. (2016) CF LC-MS/MS Platelet activating factor, inflammatory lipids, monacylglycerophosphocholine lipid, ceramide Bray-Curtis distance matrix 
(ANOSIM R and PerMANOVA F); ANOVA 
and Tukey’s test with Bonferroni correction 
 

Ghorbani et al. 
(2015) CF GC-FID Acetate, propionate, butyrate (Short Chain Fatty Acids) 

 
Paired nonparametric t-tests; linear 
regressions for correlation analyses 
 
 

Saude et al. 
(2004) 

CF 1H-NMR 3-chlorotyrosine, 3-bromotyrosine and 3,5-dibromotyrosine Forward and backward stepwise regression 
analyses; Correlation matrix; Two-sided 
nonparametric Mann-Whitney U-test  
 
 

Telenga et al. 
(2014) 

COPD LC-Q-TOF MS/MS (+ESI and 
-ESI) 

Sphingolipids, 28 ceramides, 11 dihydroceramides, 19 phytoceramides, 36 sphingomyelins, and 74 
glycosphingolipids, solanesol, solanesyl palmitate, solanesyl stearate, bombiprenone, 
geranylfarnesylacetone and farnesylfarnesylacetone 

Mann-Whitney unpaired analysis with 
Benjamini Hochberg false discovery rate 
correction; Mann-Whitney U test; 
Wilcoxon signed rank test; Spearman rank 
correlation test 
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Reference 
Disease 
investigated 

Analytical apparatus 
used 

Disease markers 
 
Statistical methods 

Du Preez et al. 
(2013) 

TB GCxGC-TOFMS à-D-glucopyranose-2-acetylamino-2-deoxy, à-D-glucopyranoside á-L-mannopyranose, à-D-
mannopyranoside, D-galactose-6-deoxy, à-D-galactopyranose, D-glucosamine, N-acetyl-glucosamine, 
Methyl-17-methyl-octadecanoic acid, 10-heptadecenoic acid, oleic acid, nonadecanoic acid, 2-deoxy-D-
erythro-pentitol), D-citramalic acid, D-gluconic acid d-lactone, glutaric acid, sebacic acid, thane, butanal 
g-aminobutyric acid (GABA), 3,4-dihydroxybutanoic acid, normetanephrine 

PCA; PLS-DA; t-test; FC 

Grasemann et al. 
(2012) 

CF LC/MS/MS Polyamine, putrescine, spermidine, L-ornithine, acetyl choline, spermine,  Standard error of the mean (SEM), 
Spearmans test, Paired t-test, ANOVA, 
Tukey-Krammer test 

Olivier et al. 
(2012) 

TB GC-MS Hexadecanoic acid, oleic acid, tuberculostearic acid, palmitoleic acid, benzenepropanoicacid, 
heptadecanoic acid, hexadecane, hexacosanoic acid, tetracosanoic acid, eicosanoic acid, tetradecanoic 
acid, docosanoic acid,isopropyl-tetradecanoic acid, nervonic acid, squalene, erucic acid  

PCA; PLS-DA 

Yang et al. (2012) CF LC-MS/MS 9-oxo-11R,15S-dihydroxy-5Z,13E-prostadienoic acid; 9S,15S-dihydroxy-11-oxo-5Z,13E-prostadienoic acid; 
9S,11,15S-trihydroxy-thromboxa-5Z,13E-dien-1-oic acid;5S,12R-dihydroxy-6Z,8E,10E,14Z-
eicosatetraenoic acid; 5S,12R-dihydroxy-6E,8E,10E,14Z-eicosatetraenoic acid; 5S,12R,20-trihydroxy-
6Z,8E,10E,14Z-eicosatetraenoic acid; 5S,12R-dihydroxy-6Z,8E,10E,14Z-eicosatetraene-1,20-dioic acid; 20-
hydroxy-5Z,8Z,11Z,14Z-eicosatetraenoic acid;15S-hydroxy-5Z,8Z,11Z,13E-eicosatetraenoic acid; 11S-
hydroxy-5Z,8Z,11E,14Z-eicosatetraenoic acid;12S-hydroxy-5Z,8Z,10E,14Z-eicosatetraenoic acid; 8S-
hydroxy-5Z,9E,11Z,14Z-eicosatetraenoic acid; 9S-hydroxy-5Z,7E,11Z,14Z-eicosatetraenoic acid; 5S-
hydroxy-6E,8Z,11Z,14Z-eicosatetraenoic acid; 14R,15S-epoxy-5Z,8Z,11Z-eicosatrienoic acid;11,12-epoxy-
5Z,8Z,14Z-eicosatrienoic acid;8,9-epoxy-5Z,11Z,14Z-eicosatrienoic acid; 5,6-epoxy-8Z,11Z,14Z-
eicosatrienoic acid; diols; 5S,12R,18R-trihydroxy-6Z,8E,10E,14Z,16E-eicosapentaenoic acid;11-oxo-
5Z,9,12E,14E-prostatetraenoic acid;5S,6R,15S-trihydroxy-7E,9E,11Z,13E-eicosatetraenoic acid 

PLS-DA  

Lewis et al. (2010) Lung cancer FTIR Protein, nucleic acid, glycogen levels.  HCA; PCA 

Compounds in bold have been identified as markers in more than one study.  
List of abbreviations:  
UHPLC-MS/MS: Ultrahigh performance liquid chromatography-tandem mass spectrometry; Q-TOF: Quadrupole time-of-flight mass spectrometry; OPLS-DA: Orthogonal projections to latent structures discriminant analysis; 
LC: Liquid chromatography; GC: Gas chromatography; MS: Mass spectrometry; COPD: Chronic obstructive pulmonary disease; sPLS: Sparse partial least squares; PCA: Principal component analysis; ANOVA: Analysis of 
variance; NMR: Nuclear magnetic resonance; FID: Flame ionization detector; ESI: Electrospray ionization; MFC: Median fold change; RP: Reverse phase; HILIC: Hydrophilic interaction liquid chromatography; ANOSIM: Analysis 
of similarities; PerMANOVA: Permutational multivariate analysis of variance; HCA: Hierarchical clustering; RF: Random Forest; FC: Fold change; ROC-AUC: Receiver operating characteristic area under the curve; C: Carbon; 
FTIR: Fourier transform infrared.  
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2.4.1 Chronic obstructive pulmonary disease 

COPD is the most common pulmonary disease found worldwide and probably best characterised by 

classical symptoms, including difficulty breathing, chronic cough and wheezing combined with 

irreversible damage caused to the lungs once the disease is set into motion (Zhu et al., 2020).   Several 

research groups have investigated COPD from sputum, using metabolomics methodologies: 

 

Telenga et al. (2014) applied untargeted lipidomics to identify variations between smokers with COPD 

and non-smokers with COPD. They found that concentrations of glycerophospholipids and fatty acids 

in sputum were significantly lower in smokers with COPD in comparison to the non-smoking cohort. 

Zhu et al. (2020) showed the potential value of sputum metabolomics and the correlation between 

glycerophospholipid metabolites and oxidative stress products for predicting the severity of COPD. 

Esther et al. (2022) evaluated patients with COPD to predict disease severity and prospective 

exacerbations. The following pathways were found to be involved in mucus hydration: adenosine 

metabolism, methionine salvage and oxidative stress (their oxidative stress findings in line with what 

Zhu et al. found). Elevated sialic acid and hypoxanthine levels were associated with a shorter time to 

disease progression or severity and improved the predictive accuracy of models of future 

exacerbations. 

 

Both Telenga et al. (2014) and Zhu et al. (2020) identified glycerophospholipids as one of the metabolic 

classes of interest for predicting the severity of COPD. Pathways involved in oxidative stress were also 

identified as significant for COPD characterisation by both Zhu et al. (2020) and Esther et al. (2022).  

 

2.4.2 Lung cancer  

Lung cancer is the most common cancer in the world and is responsible for 1.3 million deaths annually 

(World Health Organization, 2020).  Doctors primarily rely on three tools for diagnosing lung cancer, 

namely:  an X-ray of the lungs, a computed tomography (CT) lung scan, and a bronchoscopy.  These 

methods have failed to improve early detection rates but have improved overall detectability of the 

disease (Sutedja, 2003).  Metabolomics research has been applied by several groups to identify lung 

cancer induced variations to the sputum metabolome: 

Lewis et al. (2010) conducted applied Fourier transform infrared spectroscopy (FTIR; a non-invasive 

technology that can detect a change of functional group in tissue or cell molecules) to sputum and 
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demonstrated that the technique could be used as a non-invasive method to identify biomarkers for 

lung cancer.  Increased glycogen levels in the sputum of cancer patients were evident, while significant 

changes in proteins and nucleic acids were also observed.  The method shows potential, having 

sufficient sensitivity and specificity to be used as a non-invasive, cost-effective, and high-throughput 

method for screening. 

 

Cameron et al. (2016) performed metabolomics profiling using GC-MS and Flow Infusion Electrospray 

(FIE)-MS and identified putrescine, cysteic acid and ganglioside GM1 (18:1/12:0), the latter being a 

glycosphingolipid linked to a single sialic acid via its sugar group, as biomarkers with potential clinical 

application in lung cancer.  Prospects would entail using the obtained biomarkers to detect different 

stages of lung cancer and the histological subtypes.  

 

Ahmed et al. (2016) detected the absence of glucose, as well as decreased concentrations of N-acetyl 

sugars, propionate, lysine, glycoprotein, acetate and formate, in the sputum of lung cancer patients 

compared to that of patients in the benign state of the disease. The absence of glucose combined with 

the decrease in methanol concentration are metabolic biomarkers that allow for a 1H MRS (magnetic 

resonance spectroscopy) screening method for earlier detection, routine screening for recurrence, and 

ultimately, to monitor the treatment response.  

 

Ahmed et al. (2022) performed a pilot study where the differences in sputum and breath condensate 

before and after surgical resection of early-stage non-small cell lung cancer (NSCLC) was investigated. 

They reported significantly increased levels of glucose, adenosine monophosphate and N1, N12- 

diacetylspermine in sputum post-surgical resection. These alterations in the sputum metabolism form 

a foundation for further elucidating biomarkers for early detection of lung cancer and could serve as 

a non-invasive diagnostic tool (after validation of the findings via larger clinical trial studies).  

 

O’Shea investigated sputum metabolomes of lung cancer patients and identified various organic acid 

and amino acid metabolite markers (eg. glycine and propionic acid) that differed significantly between 

patients with Non-small cell lung cancer NSCLC and small cell lung cancer (SCLC) indicating that sputum 

metabolic profiling has potential for screening of lung cancer.  
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In both studies conducted by Ahmed et al. (2016 & 2022) the group demonstrated an upregulation of 

glucose in sputum post-surgical resection.  The N-acetyl sugar metabolites was also found to be one 

of the most significant metabolite classes characterising lung cancer (Ahmed et al., 2016), which 

correlates with similar findings for bronchial asthma (Tian et al., 2017) and TB (Du Preez et al., 2013).  

This shows overlapping sputum metabolome variations across various lung diseases, and it could 

indicate that some of these compounds may possibly represent the general lung pathological state 

and/or lung damage, and is not specific to a disease. 

 

2.4.3. Cystic Fibrosis 

CF is a genetic disease that causes respiratory failure and various other complications such as the 

formation of scar tissue (fibrosis) and the development of cysts in the lungs. More than 1000 new CF 

cases are diagnosed globally each year (Wetmore et al., 2010). 

The sputum metabolome has been studied more extensively for CF than any other disease (Table 2.2): 

Yang et al. (2012) performed a sputum oxylipins extraction for adult CF patients and identified a broad 

range of both proinflammatory and anti-inflammatory lipid mediators, never previously reported in 

CF respiratory tract secretions. All subjects exhibiting the presence of anti-inflammatory lipid mediator 

resolving E1 had notably superior lung function compared to individuals without. Broad metabolic 

profiling of regulatory lipid mediators in CF sputum could lead to a more comprehensive 

understanding of the molecular mechanism involved in CF respiratory tract inflammatory 

pathophysiology.  

 

Grasemann et al. (2012) tested if L-ornithine derived polyamines are detectable in CF airways and 

whether they play any role in airway pathophysiology. The study found that sputum putrescine and 

spermidine levels were similar in stable CF patients and healthy controls, while spermine were 

significantly higher in the patients. Changes in the spermine levels in the sputum of patients 

undergoing treatment matched the alterations detected in L-ornithine. 

 

Saude et al. (2004) designed their study around the theory that higher levels of modified tyrosine 

residues in the airways of individuals suffering with CF might be detectable by NMR. They therefore 

compared the production of tyrosine residues in sputum samples from control subjects to CF patients, 
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discovering that chlorinated and brominated tyrosine residues were present in sputum CF samples but 

not in the control group. Their findings confirmed that NMR is a useful tool for detecting biological 

markers of inflammatory airway disease using sputum. In addition, neutrophil and eosinophil 

activation can be detected in CF using this specific analytical platform, with neutrophil counts 

corresponding well with the presence of 3-chlorotyrosine.   

 

Ghorbani et al. (2015) was able to identify a positive correlation between the established marker of 

CF airway inflammation, namely the number of neutrophils present in sputum, and the total sputum 

short chain fatty acids (SCFAs) in stable CF patients (excluding patients with pulmonary exacerbation). 

They then studied the effects of SCFAs on airway inflammatory responses using epithelial cell lines and 

primary cell cultures and described how SCFAs contribute to CF-specific adaptations to airway 

inflammation and infection. 

 

Quin et al. (2016) found that the chemistry of sputum samples over the longitudinal profiles of patients 

are more comparable than unpaired patients with matching clinical states, concluding that there is 

value in tracking an individual while they experience numerous exacerbations (worsening pulmonary 

inflammatory episodes).  This will provide better information regarding inflammatory 

processes/mechanisms prior to and during a CFPE (CF Pulmonary Exacerbation) event. The most 

significant elevated metabolites identified during such events were platelet activating factor and a 

related monacylglycerophosphocholine lipid. Related lipids were increased during intermittent 

pulmonary exacerbations (Pex), while ceramides were increased during the treatment phase of 

disease progression. The metabolome of CF sputum was confirmed to be largely patient specific, 

supporting a personalized outlook on molecular detection of the onset of Pex. 

 

Breen et al. (2022) identified several divergent metabolites when comparing nontuberculous 

mycobacterial (NTM) infected CF cases to that of controls, the latter of which presented with lower 

tryptophan-related branched-chain amino acid metabolites and elevated phospholipid metabolism 

compounds. Variations in sputum 2-methylcitrate and certain ceramides were also observed, which 

have the potential to be used to identify risk factors and therapeutic targets for NTM infections in CF 

patients. 
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Regarding biomarkers identified in sputum for diagnosing CF Pex, putrescine was consistently higher 

in CF Pex individuals compared to healthy control and stable CF samples. Sputum nitrate was 

persistently decreased in CF Pex compared to stable CF samples in two separate studies, furthermore, 

lactic acid was found to possess diagnostic potential (Nguyen et al., 2022). 

 
2.4.4. Asthma 

Asthma is a chronic respiratory disease characterised by inflammation and narrowing of the airways, 

resulting in recurring episodes of wheezing, coughing, and difficulty breathing. Various metabolites 

associated with asthma aid in the characterisation of the underlying disease mechanisms and were 

identified in different sample matrices i.e., serum, plasma, urine, local tissue, exhaled breath 

condensate, bronchoalveolar lavage fluid and stool (Wang et al., 2021).  In accordance, metabolomics 

studies have also investigated asthma using sputum as the sample matrix: 

Tian et al. (2017) showed that sputum metabolomics can discern between patients with asthma and 

healthy subjects, identifying the most affected pathways as glycolysis, glycerophospholipid 

metabolism, inositol phosphate metabolism, and gluconeogenic metabolic pathways. Their findings 

prove that sputum metabolomics can be utilized not only for the early diagnosis of asthma but also for 

predicting the severity of symptoms. 

 

Liu et al. (2022) indicated that various inflammatory asthma phenotypes have distinct sputum 

metabolic profiles.  Pathway topology analysis showed how histidine-, glycerophospholipid-, 

nicotinate- and nicotinamide-, linoleic acid metabolism including phenylalanine, tyrosine and 

tryptophan biosynthesis played a prominent role in the pathogenesis of various asthma phenotypes. 

They also uncovered evidence of the predictive potential of adenosine 5′-monophosphate and 

nicotinamide for severe asthma exacerbation progression.  

Interestingly, studies have identified significant perturbations in metabolic pathways such as 

phenylalanine, tyrosine, and tryptophan biosynthesis, as well as valine, leucine, and isoleucine 

degradation in both asthma (Tian et al., 2017; Liu et al., 2022) and cystic fibrosis (Breen et al., 2022). 

These shared metabolic pathways suggest potential common mechanisms between lung diseases such 

as CF, TB and asthma for example, highlighting the importance of investigating metabolic profiles 

across different respiratory diseases. 
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2.4.5 Tuberculosis  

Up to 2019, only nine studies have applied metabolomics methodologies to TB patient sputum samples 

(summarised in Du Preez et al., 2019), most of which focused specifically on the analyses of lipids.  In 

2022, Chandra et al. successfully differentiated individuals with TB and TB-negative individuals 

presenting with TB-like symptoms, based on their cholestenone levels.  The authors hypothesized that 

the cholestenone build-up in TB-positive cases may point to a substitute role for cholestenone in 

pathogenesis and serve as potential clinically functional biomarker of TB infection.  Only two TB-

related studies (Schoeman et al., 2012; Du Preez & Loots, 2013) have applied an untargeted approach 

to sputum, both by our group, as discussed in the problem statement section. The outcome of these 

studies led to -several scientific contributions, including: 1) confirmation of the previously proposed 

citramalate cycle in M. tuberculosis; 2) the interaction of this cycle with an up-regulated glyoxylate 

cycle during pulmonary M. tuberculosis infection; 3) the increased utilisation of fatty acids and 

glutamate as alternative carbon sources in M. tuberculosis during pulmonary infection; 4) an 

alternative mechanism by which the host produces hydrogen peroxide via glucose oxidation, in order 

to eliminate the bacterial infection; 5) inhibition of the electron transport chain (ETC) due to 

pronounced oxidative stress during an active TB disease state, resulting in increased concentrations of 

various neurotransmitters and other metabolites previously associated with an inborn error of 

metabolism (MADD/GA type II); and 6) elevated concentrations of neurotransmitters potentially 

explaining several symptoms associated with TB. 

 

2.5  Metabolome variations related to sex and HIV in healthy individuals 

None of the metabolomics studies done to date (on any sample matrix) have investigated the effect 

of sub-cohorts based on sex and HIV status on the identified TB-induced metabolome variations, 

although these factors independently have been shown to influence metabolite profiles of healthy 

individuals. Darst et al. (2019), for example, indicated that 56,8% (n=623) of the metabolites identified 

in healthy human plasma showed correlations of 63,4% (n=695) with sex.  In an earlier study, a clear 

variance between the metabolic profiles of healthy men and women was described using 

metabolomics as the principal tool of investigation. Phosphatidylcholines’ and in acylcarnitines’ classes 

showed significant differences between males and females (Li et al., 2018). Sex-specific pathways in 

the human serum metabolome have also been elucidated by Krumsiek et al. (2015).  In this study, the 
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entire class of amino acids as well as the entire super-pathway of carbohydrates (specifically glycolysis, 

gluconeogenesis, pyruvate, fructose, mannose, galactose, starch, and sucrose metabolisms) were 

significantly higher in males.  Regarding lipids, androsterone sulfate derivatives were significantly 

higher in males, whereas glycerol and myristoleate were elevated in females.  In the nucleotide 

metabolite class, the purine/urate metabolism was significantly higher in males (Krumsiek et al., 2015).  

According to our knowledge, sex-related variations specifically, have not been investigated in the 

sputum metabolome to date.  When investigating sex as a confounding variable in the sputum 

metabolome of lung cancer patients, O’Shea et al. (2016) identified no significant effect.  

Due to the natural variation that exists within TB cohorts, whether said variation is due to diet, 

cofactors such as smoking or non-smoking individuals, or even then factors like sex and HIV status, 

separation between TB positive and TB negative groups remain difficult to achieve. This study is not 

aimed on investigating how sex and HIV status for example impacts the sputum metabolome in the 

context of TB infection, but if such an impact or direct relationship is identified, it would add great 

value to better understand the impact of these factors on the overall TB metabolome.  

Regarding HIV, various studies have applied metabolomics as a tool to investigate different aspects of 

HIV, using diverse sample matrices (Liebenberg et al., 2021).  Cassol et al. (2013), for example, could 

differentiate the untargeted plasma metabolic profiles of HIV patients on antiretroviral therapy and 

healthy controls, identifying increased bile acids and acylcarnitines and decreased sulfated steroids, 

polyunsaturated fatty acids, and lysophosphocholine (LPC) in the patient samples, comparatively.  No 

metabolomics study to date has, however, used sputum as the sample matrix of choice to investigate 

HIV.  In relation, Cribbs et al. (2014), could differentiate the metabolome profiles of bronchoalveolar 

lavage fluid collected from HIV infected individuals and healthy controls, however, most of the 

identified features could not be annotated, while others represented a disturbance in the lung 

microbiome.  

In this study, we investigated the effect of sex and HIV status on the TB-induced sputum metabolome, 

using an untargeted GCxGC-TOFMS metabolomics approach. These outcomes could assist in 

optimising the study designs of future metabolomics investigations for TB disease characterisation.   
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Chapter 3: Materials and Methods 

3.1 Introduction 

To reach the set objectives of the study, samples were collected from TB+ and TB- individuals via a 

diagnostic pathology laboratory.  A previously developed, untargeted GCxGC-TOFMS method was 

evaluated and applied to the collected sputum samples and the obtained data statistically analysed to 

determine the metabolic variation induced by TB, irrespective of sub-cohort classifications.  Hereafter, 

the effect of sex and HIV-status on the TB-induced metabolome was investigated.  

 

3.2 Experimental design 

To establish the method as fit-for-purpose, the analytical and extraction precision was determined.  

Analytical precision gives an indication of how repeatable the analytical instrument can detect and 

measure the analyte features from the same extract.  Good analytical precision minimises variations 

in the data due to instrument instability.  Extraction precision indicates the repeatability of the 

extraction method, where the same analyst prepares several aliquots from the same sample using 

identical reagents and consumables.  Favourable extraction precision is indicative of the extraction 

efficiency and consistency of the preparation method, that is, confirming the method can be applied 

to samples in an adequately repeatable manner.  These measures, in combination, stipulate the 

competency of the analyst (MSc candidate in this case) in the method, spanning both the sample 

preparation procedure as well as operation of the analytical instrument (GCxGC-TOFMS). 

 

The patient sputum samples collected were randomly assigned to 19 analytical batches, which were 

consecutively extracted and analysed on the GCxGC-TOFMS by the same analyst (MSc candidate).  Raw 

mass spectral data, obtained from all samples in all analytical batches, were processed simultaneously 

and aligned to obtain a single data matrix. Established data processing was performed on this data 

matrix prior to statistical analysis. Next, to reach the aim of the study, the processed data of the 

individuals were assigned to six subgroups, including:  all participants, all female participants, all male 

participants, all HIV+ participants, HIV+ female participants, and HIV+ male participants (Figure 3.1).  

For each of the subgroups, the statistically significant metabolite profiles between TB+ and TB- 

individuals were shortlisted for interpretation.  These marker lists were then cross-compared to 
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identify the similarities and differences between the TB-induced metabolome variations in the 

different subgroups.  

 

 

 

Figure 3.1: Experimental design and overview of the composition of the participants in each sample subgroup.  Numerical 

values indicate the total number of participants per subgroup, and double-headed arrows indicate the cohort comparisons 

used in the statistical analyses. 

 

3.3 Materials and methods 

3.3.1 Ethical approval 

Ethical approval for the larger study, of which this MSc is a sub-study, was submitted and granted by 

the Ethics committee of the North-West University, NWU HREC approval number: NWU-00127-11-A1-

03. 

3.3.2 Sample collection 

Sputum samples from patients suspected of having TB, based on a medical assessment of the 

symptoms associated with the disease, were collected  at facilities from all over South Africa, using 

standard sputum collection procedures.  Samples were transported then on ice to a centralised 

national diagnostic/pathology laboratory, where standard diagnostic procedures, including both Ziehl-

Neelsen staining and bacteriological culture, were performed.  After the required amount of sample 

material was removed for the completion of individual diagnostic tests, the remnant proportion of 

these samples were frozen (-80°C) and transported to the North-West University, Centre for Human 

Metabolomics, for metabolomics analyses pertaining to this study.  No additional inclusion or 



        

      

 

40 
 

exclusion criteria were enforced, that is, all samples collected were included in the analysis. Anonymity 

was safeguarded by assigning a unique code to each sample prior to transport. Clinical information 

obtained regarding these anonymous samples included: HIV status (only where the patient requested 

for an HIV test to be performed), age at time of collection and sex.   

 

3.3.3 Quality control samples 

Due to the limited sample volumes available for the study, one TB- sample, with a comparatively higher 

volume, was used to determine analytical and extraction precision.  After homogenisation with a 45% 

ethanol solution (Schoeman et al., 2012), this sample was divided into 750uL aliquots (equivalent to 

250uL sputum) and dried overnight in a solvent evaporator.   As an indication of analytical precision, 

one aliquot was extracted and derivatized, and this extract was consecutively injected on the GCxGC-

TOFMS six times.   To determine the extraction precision, five aliquots were extracted by the same 

analyst (MSc candidate) and analysed on the GCxGC-TOFMS.   

To determine the severity of and, if necessary correct for, analytical variation within and between the 

19 batches, a pooled QC sample was compiled.  For this purpose, 24 of the TB-negative samples were 

randomly selected (not enough TB positive sample volume was available and thus no batch correction 

of the test samples, using QC samples can be performed due to this) and equal volumes of these 

samples were pooled as follows: 250μl from each of the selected TB-negative samples (total volume: 

6ml sputum) were combined and then homogenized using a 45% ethanol solution (Schoeman et al., 

2012).  The master QC sample was then divided into 750uL aliquots (equivalent to 250uL pooled 

sputum) and dried overnight in a solvent evaporator.  One QC aliquot was extracted with each of the 

19 experimental batches (about 12 samples per batch) and injected at the beginning, middle and end 

of each batch. 

 

3.3.4 Sample extraction and derivatization 

Prior to extraction, 250 μL of each patient sample was homogenized using ethanol (Schoeman et al., 

2012) and dried in a solvent evaporator.  The precision aliquots, pooled QC aliquots and homogenized 

experimental samples were subjected to a whole metabolome extraction method described by 

Schoeman et al., 2012..  After the method performance was evaluated and found sufficiently precise, 

https://paperpile.com/c/NtchTE/UWMd
https://paperpile.com/c/NtchTE/UWMd
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experimental samples were randomly analysed across subgroups, in 19 batches. In short, 50 μL of the 

internal standard, 3-phenylbutyric acid (0.525 mg mL-1), was added to 250 μL of the sample.  Hereafter, 

1 mL of an extraction solvent mixture, consisting of ultra-pure Burdick & Jackson brand 

chloroform:methanol:water (1:3:1), was added to the tubes (Honeywell International Inc., Muskegon, 

MI, USA).  The extraction was performed using a MM 400 mixer mill (Retsch GmbH & co. KG, Haan, 

Germany) at a frequency of 30 Hz, for 5 min, after the addition of a 3 mm tungsten carbide bead to 

each sample tube to increase the extraction efficacy.  Following centrifugation (4 °C at 21 952 x g for 

10 min), the supernatant (including the organic and water phases, excluding the pellet) was collected, 

transferred to a GC-MS sample vial, and dried under a light stream of nitrogen.  Following this, samples 

were derivatized using 50 μL of methoxyamine hydrochloride in pyridine (15 mg/mL) (Merck, 

Darmstadt, Germany) at 50°C for 90 min, followed by 40 μL of N,O-

Bis(trimethylsilyl)trifluoroacetamide (BSTFA) (Sigma-Aldrich, St. Louis, MO, USA) with 1 % TMCS at 

60°C for 60 min.  The extracts were transferred to a 0.1 mL insert in a sample vial and capped prior to 

GCxGC-TOFMS analysis. 

 

3.3.5 GCxGC/TOFMS analysis 

One microliter of each sample extract was injected (1:5 split ratio) onto a Pegasus 4D GCxGC-TOFMS 

(Leco Corporation, St. Joseph, MI, USA), which comprises an Agilent 7890A GC (Agilent, Atlanta, GA) 

coupled to a time of flight mass spectrometer (Leco Corporation, St. Joseph, MI, USA) equipped with 

a Gerstel Multipurpose Sampler (Gerstel GmbH & co. KG, Eberhard-Gerstel- Platz 1, D-45473 Mülheim 

an der Ruhr).  First dimensional separation was achieved with a Rxi-5Sil MS primary column (29.245 

m, 0.25 mm internal diameter, 0.25 μm film thickness) (Restch GmbH & co. KG, Haan, Germany) and 

a Rxi-17 capillary column (1.400 m, 0.1 mm internal diameter, 0.1 μm film thickness) as the secondary 

column (Restch GmbH & co. KG, Haan, Germany).  The front inlet temperature was held constant at 

270°C for the entire run, ensuring rapid vaporization.  For the primary oven, an initial GC oven 

temperature was set at 70°C for 2 min, followed by an initial increase in oven temperature of 4°C/min 

to a final temperature of 300°C, which was held for 2 min. The secondary column oven temperature 

was set at 85°C for 2 min, then increased by 4°C/min, until a final temperature of 300°C, at which it 

was maintained for a further 2 min.  The initial temperature of the modulator was 100°C for 2 min, 

followed by a 4°C/min increase to a final temperature of 310°C held for 9 min.  To control the effluent 

from the primary onto the secondary column, cryomodulation and a hot pulse of nitrogen gas of 0.5 

s, every 3 s was used.  The acquisition delay for each run was 450 s and the transfer line temperature 
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was held constant at 270°C, with the ion source temperature maintained at 200°C.  The detector 

voltage was adjusted to 1500 V with the filament bias -70 eV.  Spectra were collected from 50–800 

m/z at an acquisition rate of 200 spectra per second.  

Mass spectral deconvolution, peak alignment, and peak identification were performed using Leco 

Corporation’s ChromaTOF software (version 4.51).  Mass spectral deconvolution was performed at a 

signal-to-noise ratio of 100, with a minimum of three apexing peaks.  To eliminate the effect of 

retention time shifts and to create a data matrix containing the relative abundance of all compounds 

present in all samples, peaks with similar mass spectra and retention times were aligned using 

Statistical Compare, a package of ChromaTOF.  Mass fragmentation patterns and their respective 

retention times were screened against commercially available National Institute of Standards and 

Technology (NIST) spectral libraries (mainlib, replib) for peak annotation, with a similarity setting of at 

least 80%. 

3.4 Statistical data analyses 

To determine method performance, Microsoft Excel was used to calculate the coefficient of variance 

(CV) for each compound (peak areas) detected in the respective analytical and extraction precision 

experiments.  The analytical and extraction precision was deemed acceptable if at least 70% of the 

compounds had a CV < 50%, as per the inhouse GCxGC-TOFMS procedure. 

Statistical analysis of the experimental batch data was performed using MetaboAnalyst (version 5.0) 

(Pang et al., 2021).  Data were normalised to the sample median, log transformed and auto scaled 

prior to analysis.  First, the presence and severity of any batch effect was evaluated, and a summarized 

view of the data generated using principal component analyses (PCA). 

Due to the inequality between subgroup sample sizes (Figure 3.1), the usual run of the mill 

metabolomics statistics was considered inappropriate for this study.   Instead, compounds which vary 

most between the TB+ and TB- participants within each of the subgroups were identified as those with 

at least a moderate probability of superiority, used here as a robust nonparametric effect size (ES), 

exceeding 0.64 (Li 2016). 

 

 

https://paperpile.com/c/NtchTE/TQ02
https://paperpile.com/c/NtchTE/N5wi
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Chapter 4: Results and Discussion 

4.1 Results 

4.1.1 Method Performance 

4.1.1.1 Analytical and extraction precision 

Analytical and extraction precision were acceptable, with 95.4% and 83.5% of all compounds detected 

having a CV-value below 50%, respectively (Figure 4.1). 

(a)  (b) 

  

 

Figure 4.1: Distribution of the coefficients of variance (CV) values analytical (a) and extraction (b) precision, determined using 

the areas of all detected compounds. 

 

4.1.1.2 Batch effect 

Batch effect evaluation was performed on 19 quality control (QC) samples (injected at the beginning, 

middle and end of each batch) using the Combat method (Johnson et al. 2007).  No prominent batch 

effect was visible, however, to err on the side of caution, batch correction was performed, but proved 

inconsequential and was disregarded (Appendix A Figure S1). Figure 4.2 illustrates the total ion 

chromatograms (TICs) obtained from the pooled QC aliquots, selected from random batches, 

indicating comparable retention times throughout the analysis.
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Figure 4.2: Total ion chromatograms (TICs) of pooled QC aliquots, analysed across randomly selected batches.
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4.1.2 Population 

A total of 228 participants (age 20–60 years), comprising 189 males (24–60 years) and 39 females (20–

58 years), were included in the study. The composition of the sample subgroups within the total cohort 

is stipulated in Figure 3.1.  Sample sizes and the residual spread between TB+ and TB- for some of the 

abovementioned subgroups were very small. As previously stated, the samples were originally 

collected for diagnostic purposes, and, although this cohort is representative of the typical South 

African TB patient population, the lack of study design in terms of patient recruitment limits the 

current investigation. Therefore, it should be noted that this is a preliminary study to understand if 

sex and HIV-status should be considered as confounding factors in future TB metabolomics 

investigations.   Results are not aimed at identifying set diagnostic biomarkers, as is evident from the 

selection of only a robust ES to describe differences.  Expressing metabolic changes in this manner can 

then guide future power calculations to determine appropriate sample sizes, while identifying 

differentiating metabolites can guide the choice of future analysis, be it targeted or untargeted. 

 

4.1.3 Metabolic profiles and discussion 

In total, 969 compounds were detected, of which 343 could be annotated by spectral comparison to 

a library of previously injected standards (with a similarity match of at last 80%).  Although the 

remaining 626 compounds could not be annotated, they were still included in statistical analysis, and 

labelled as “unannotated”.  Due to the nature of the annotation procedure, some compounds with 

similar molecular structures and, hence, mass spectra, were given the same label (based on the best 

library hit).  Retention times and unique masses were used to determine if these were indeed two 

different compounds, and if so, the duplicate name was retained with an index, and concentrations 

analysed as separate compounds.   

Obvious separation between the data obtained from the TB+ and TB- individuals, when including all 

participants from all subgroups, was not evident (Figure 4.3), which is consistent with our previous 

findings (Du Preez & Loots, 2013).  The similarity seen between these larger participant groups is most 

likely due to the variation in the study population (caused by several contributors such as sex, diet, 

medication used, etc.), substantiating the need for the evaluation of more homogeneous cohorts. 

https://paperpile.com/c/NtchTE/Ucft
https://paperpile.com/c/NtchTE/Ucft
https://paperpile.com/c/NtchTE/Ucft
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Figure 4.3: PCA scores plot for complete dataset (all participants), showing no differentiation between 

the TB+ (TBP) and TB- (TBN) sample groups. 

 

Details of the statistically significant compounds identified for each subgroup comparison are given as 

supplementary info (Appendix A Table S1 and Table S2).  A summary of these metabolic variations, 

according to the compound classes, is given in Figure 4.4, with Table 4.1 stipulating the significant 

annotated compounds identified in the “all participant” subgroups or the TB/HIV subgroups.  For each 

subgroup comparison (Appendix A Table S1 and Table S2), most of the statistically significant 

compounds, representing TB-induced perturbations, could not be annotated.  When considering the 

remaining annotated compounds, the dominant classes of compounds identified as important 

included: lipids, carbohydrates, amino acids, and organic acid-related compounds.  Interestingly, the 

lipids accounted for the largest proportion of TB-induced variation in all subgroups (as high as 30% in 

the complete dataset, all participants), except in the “all male participant” group dominated by 

carbohydrates (Figure 4.4).  Although the main aim of this study was not to identify sex-specific 

pathway differences, it is interesting to note that Krumsiek et al. (2015) previously determined that 

the entire super-pathway of carbohydrates (specifically including glycolysis, gluconeogenesis, 

pyruvate, fructose, mannose, galactose, starch, and sucrose metabolisms) was significantly higher in 

the serum of healthy males compared to females. 
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When including all participants (Appendix A Table S1), 10 compounds were identified as significantly 

different between the TB+ and TB- groups, of which six could be annotated. In the female subgroup, 

74 important compounds (21 annotated) were identified, including mostly lipids and carbohydrates, 

of which eight overlapped with those identified when including all participants.  In the male group, 10 

compounds differed significantly between TB+ and TB- participants, and all six of the annotated 

compounds were also identified in the “all participants” group.  Only four compounds (three 

annotated) were consistently detected as statistically important for differentiating between TB+ and 

TB- participants whether considering the total cohort, female or male subgroups, these include 

glycine, 2-hexadecanone, and 1-oleoyl lysophosphatidic acid (LPA) (Table 4.1).  Although no study to 

date has identified these compounds as important when characterising TB from sputum, glycine has 

previously been identified as a potential TB marker in serum (Zhou et al., 2013) and 1-

oleoylglycerophosphocholine (lysoPC(p-18:1(9Z)), a direct precursor of 1-oleoyl LPA, was identified as 

part of a serum biosignature distinguishing TB from other lung diseases (Feng et al., 2015). 

 

Figure 4.4: Representation of the number of compounds per class detected with an ES > 0.64 (as a percentage of the total), 

for each dataset subgroup. 

 

https://paperpile.com/c/NtchTE/5lhF
https://paperpile.com/c/NtchTE/7Tjw
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In contrast to the relatively low number of varying compounds identified in the total cohort, 391 

compounds (of which 121 could be annotated), had an ES > 0.64 when comparing the TB+ and TB- 

groups, in all HIV+ subgroups (Table S2). A total of 104 (39 annotated), mostly lipids and amino acid-

related compounds, were identified as statistically important across all participants for the HIV+ 

cohort (Table S2).  Furthermore, 337 (125 annotated) and 163 (44 annotated) compounds had an ES 

> 0.64 in the HIV+ female and HIV+ male groups, respectively. Twenty-five compounds were significant 

in all TB/HIV+ subgroups (Table 4.1), indicating that TB has a more prominent effect on the 

metabolism in HIV+ individuals, compared to a population where HIV is less prevalent.  Although 

various studies have applied metabolomics as a tool to investigate different aspects of HIV, using 

diverse sample matrices, metabolomics studies exploring the TB/HIV co-infection are scarce 

(Liebenberg et al., 2021). In 2019, Silva et al. indicated that arachidonic acid and the 

glycerophospholipid metabolism were altered in the plasma of HIV patients with paradoxical TB-

associated immune reconstitution inflammatory syndrome (IRIS), when compared to non-IRIS TB/HIV 

patients (Silva et al., 2019).  In the current study, we also identified both arachidonic acid and 1-oleoyl 

(LPA), which are both intermediates of the glycerophospholipid metabolism, as significant in all the 

TB/HIV+ subgroups (Table 4.1). Two other studies have identified changes in the 

tryptophan/kynurenine ratio when comparing HIV+ and HIV- TB patients (Adu-Gyamfi et al., 2017; 

Collins et al., 2020).  Although we detected six amino acid-related compounds characterising TB in the 

HIV+ subgroup, neither tryptophan nor kynurenine were included in this list.  

 

Interestingly, two of the three annotated compounds identified as important in the “all participants'' 

group, namely glycine and 2-hexadecanone, were not characteristic of TB when considering only HIV+ 

subgroups (Table 4.1). Nonetheless, two compounds, of which one could be annotated as 1-oleoyl 

LPA, had an ES > 0.64 across all comparisons irrespective of sex or HIV co-infection status (Table 4.1).  

Although the second compound (hereafter referred to as compound X) detected across all 

comparisons could not be annotated based on the set criteria of a similarity match > 80%, its mass 

spectra could be denoted as oleic acid, with a similarity match of 76,4% (Appendix A Figure S5).  A 

detailed view of the mean concentrations of compound X in all subgroups is provided as 

supplementary material (Appendix A Figure S2). This compound showed an overall decrease when 

comparing TB+ to TB- across “all participants”, but an increase in the “all HIV+ participants” TB 

patients.  In addition, compound X was also elevated in the TB patients in both the male subgroups, 

compared to the TB- cases, but this trend was reversed in both female groups. The 95% confidence 

https://paperpile.com/c/NtchTE/kWPB
https://paperpile.com/c/NtchTE/W9Gr
https://paperpile.com/c/NtchTE/Imvg+8nzm
https://paperpile.com/c/NtchTE/Imvg+8nzm
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intervals, however, indicate large variation between the individuals within the subgroups, and 

therefore, no valid conclusions can be drawn from these results without further investigation. 

 

A detailed view of the mean concentrations of the annotated compound, 1-oleoyl LPA, in all subgroups 

is provided in Figure 4.5. These results indicate a significant difference between the TB+ and TB- 

participants in each subgroup, with decreased concentrations in the TB+ cases, although the male 

groups had overall higher means.   

 

 

Figure 4.5: Mean concentration (with 95% confidence interval displayed as error bars) of the compound, annotated as 1-

oleoyl lysophosphatidic acid (LPA), in all participant subgroups. 

It should be noted that the annotation of this compound was based on a comparison of its mass 

spectrum to those in a spectral library, which showed a similarity match of 82.4% compared to the 

spectrum of 1-oleoyl LPA (Appendix A Figure S3). The compound’s mass spectrum was also closely 

related to that of 1-margaroleoyl LPA acid and 1-palmitoleoyl LPA with similarity matches of 76.5% 

and 74.0% respectively (Appendix A Figure S4). Since, the aim of the method used was to detect 
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compounds from many compound classes in a single run (untargeted approach) to get an overall 

indication of the TB-induced variation in the sputum samples, it was not optimised specifically for 

lipids, and, hence, absolute identification is not possible. We will, therefore, discuss this outcome in 

terms of LPA in general, irrespective of the fatty acid chain length. 

 

Many previous studies have described changes to the lipid metabolome (lipidome) in TB patients (Han 

et al.,  2021; Chen et al., 2021), including our previous metabolomics investigations done on sputum 

(Du Preez & Loots, 2013; Schoeman et al., 2012). In addition, it has been shown that, in mice, 

M. tuberculosis uses fatty acids as the main source of carbon (Ghazaei, 2018) and that host lipids are 

the predominant nutrient sources for these infective bacteria (Han et al., 2021).  The lipid class in its 

entirety is, however, very broad.  Our study highlights the potential role of LPA in the pathogenesis of 

TB and TB/HIV co-infection. LPA is a bioactive phospholipid, made up of a glycerol backbone with a 

hydroxyl group, a phosphate group, and a fatty acid chain, that is produced during the synthesis of cell 

membranes and is described as an important extracellular signalling molecule present in all eukaryotic 

tissues and blood plasma.  This compound class also plays an active role in modulating and inducing 

cell proliferation as well as cell migration, not only during cell development but also in pathological 

conditions. In some cancers, LPA signalling has been linked to the biological events related to the 

development of therapy resistance or responses to treatment (Geraldo et al., 2021). 

 

Various studies have specifically linked LPA to lung pathologies.  When investigating pulmonary 

fibrosis in humans, it was shown that LPA-LPA receptor 1 (LPA-LPA1) signalling plays a critical role in 

the progression of the disease (Tager et al., 2008). Furthermore, during lung injury, increased levels 

of LPA are produced in bronchoalveolar lavage. The LPA then induces cumulation of fibroblasts and 

consequent vascular leakage via LPA1, which then advances the progression of fibrosis (Aikawa et al., 

2015).  When monitoring the plasma lipid levels of TB patients from initial diagnosis to the cured stage, 

it was concluded that some LPAs might be promising biomarkers for TB, the intervention of lipid 

metabolism could potentially block energy metabolism and in turn inhibit the cell wall synthesis of M. 

tuberculosis (Chen et al., 2021).  

A previous metabolomics study indicated lower abundances of serum amino acids, medium-chain 

fatty acids and the LPA precursor, lysophosphatidylcholine (LPC) in TB patients compared to healthy 

participants (Weiner et al., 2012). In addition, they illustrated metabolic profiles with overall 

decreased phospholipase activity in active TB disease, compared to those individuals with latent 

https://paperpile.com/c/NtchTE/XzGd
https://paperpile.com/c/NtchTE/XzGd
https://paperpile.com/c/NtchTE/POK1
https://paperpile.com/c/NtchTE/UWMd+Ucft
https://paperpile.com/c/NtchTE/UWMd+Ucft
https://paperpile.com/c/NtchTE/UWMd+Ucft
https://paperpile.com/c/NtchTE/nx6j
https://paperpile.com/c/NtchTE/XzGd
https://paperpile.com/c/NtchTE/Vi9f
https://paperpile.com/c/NtchTE/oyUt
https://paperpile.com/c/NtchTE/w6qM
https://paperpile.com/c/NtchTE/w6qM
https://paperpile.com/c/NtchTE/POK1
https://paperpile.com/c/NtchTE/dAcx
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infection.  Phospholipase A2 (PLA2) hydrolyses the ester bond at the sn2 position of membrane 

phospholipids, usually resulting in the release of free fatty acids and lysoglycero-phospolipids, the 

latter of which are precursors of LPA.  PLA2 is essential for inducing inflammation and an immune 

response (Wesley Burks et al., 2019). Accordingly, in 2020, Han et al. applied ultra-high-performance 

liquid chromatography-tandem mass spectrometry to investigate plasma lipid levels in patients with 

TB, lung cancer, community-acquired pneumonia, and healthy controls. They found that the plasma 

phospholipid levels (LPA: bioactive phospholipid) were decreased and speculated that the M. 

tuberculosis infection might be responsible for regulating the lipid metabolism of TB patients by 

promoting host-assisted bacterial degradation of phospholipids (Han et al., 2021). Lower abundances 

of LPCs/LPAs in TB patients could mechanistically be related to M. tuberculosis-induced macrophage 

apoptosis by inhibition of PLA2 (Duan et al., 2001)  

Interestingly, a significant difference in plasma LPA concentration attributing to sex and age was 

identified amongst 100 healthy individuals (Michalczyk et al., 2017).  However, when investigating sex 

as a confounding variable in the sputum metabolomes of lung cancer patients, no significant effect 

was observed, variation in LPA (possibly) overshadows the effect of sex (O’Shea et al., 2016), however, 

this phenomenon would require further investigation.  

 

 

 

 

 

https://paperpile.com/c/NtchTE/elTp
https://paperpile.com/c/NtchTE/XzGd
https://paperpile.com/c/NtchTE/UkQC
https://paperpile.com/c/NtchTE/Gywy
https://paperpile.com/c/NtchTE/FSZU
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Table 4.1: Annotated compounds with ES > 0.64 in either all of the ‘all participant’ subgroups, or all of the HIV+ subgroups 

  Total cohort HIV 

Class Compound* 

All Participants Female Male All Participants Female Male 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 
Carbohydrate 

related Glucose (UM:204) - - - - - - 0.66 ↓ 0.68 ↓ 0.67 ↓ 
Carbohydrate 

related Inosine (UM:230) - - - - - - 0.67 ↓ 0.86 ↓ 0.65 ↓ 

Lipid related 1-Palmitoyl Lysophosphatidic acid 
(UM:299) - - - - - - 0.71 ↓ 0.86 ↓ 0.69 ↓ 

Lipid related 
1-Oleoyl Lysophosphatidic acid 
(UM:357) 0.66 ↓ 0.73 ↓ 0.64 ↓ 0.67 ↓ 0.86 ↓ 0.64 ↓ 

Lipid related Cholesterol (UM:129) - - - - - - 0.75 ↓ 0.93 ↓ 0.74 ↓ 
Lipid related Eicosane (UM:57) - - - - - - 0.71 ↓ 0.93 ↓ 0.68 ↓ 
Lipid related Heptadecanoic acid (UM:117) - - - - - - 0.66 ↓ 0.64 ↑ 0.66 ↓ 
Lipid related à-Linolenic acid (UM:67) - - - - - - 0.67 ↓ 0.79 ↓ 0.65 ↓ 
Lipid related Arachidonic acid (UM:80) - - - - - - 0.69 ↓ 0.79 ↓ 0.67 ↓ 
Lipid related Oleamide (UM:144) - - - - - - 0.66 ↓ 0.64 ↓ 0.66 ↓ 
Lipid related Palmitaldehyde, dibutyl acetal (UM:57) - - - - - - 0.67 ↓ 0.79 ↓ 0.64 ↓ 

Amino acid related Glycine (UM:102) 0.69 ↓ 0.68 ↓ 0.70 ↓ - - - - - - 
Amino Acid related L-Ornithine (UM:142) - - - - - - 0.65 ↓ 0.64 ↓ 0.65 ↓ 
Amino Acid related L-Valine (UM:144) - - - - - - 0.68 ↓ 0.79 ↓ 0.67 ↓ 
Amino Acid related DL-Ornithine (UM:174) - - - - - - 0.69 ↓ 0.79 ↓ 0.66 ↓ 
Amino Acid related 4-Coumaric acid (UM:293) - - - - - - 0.68 ↓ 0.79 ↓ 0.65 ↓ 
Amino Acid related 2-Aminomalonic acid (UM:218) - - - - - - 0.67 ↓ 0.64 ↓ 0.66 ↓ 
Amino Acid related N-à-Acetyl-L-Lysine (UM:174) - - - - - - 0.69 ↓ 0.64 ↓ 0.71 ↓ 
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  Total cohort HIV 

Class Compound* 

All Participants Female Male All Participants Female Male 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 
Organic compound 

related Ethanolamine (UM:174) - - - - - - 0.65 ↓ 0.71 ↓ 0.65 ↓ 
Organic compound 

related Parabanic acid (UM:243) - - - - - - 0.68 ↓ 0.75 ↓ 0.67 ↓ 
Organic compound 

related 
2,5-Bis((trimethylsilyl)oxy)pyrazine 
(UM:241) - - - - - - 0.64 ↓ 0.79 ↓ 0.64 ↓ 

Other Decanamide, N-(2-hydroxyethyl)- 
(UM:85) - - - - - - 0.68 ↓ 0.79 ↓ 0.66 ↓ 

Other Ethylone (UM:144) - - - - - - 0.66 ↓ 0.68 ↓ 0.67 ↓ 

Other Oxazole, 2-(8Z)-8-heptadecen-1-yl-4,5-
dihydro- (UM:98) - - - - - - 0.68 ↓ 0.71 ↓ 0.66 ↓ 

Other 2,5-Dimethoxy-4-(n)-
propylphenethylamine (UM:174) - - - - - - 0.65 ↓ 0.68 ↑ 0.65 ↓ 

Other 3-Chloroamphetamine (UM:116) - - - - - - 0.65 ↓ 0.71 ↓ 0.66 ↓ 

Other 2-Hexadecanone (UM:58) 0.69 ↓ 0.73 ↓ 0.68 ↓ - - - - - - 
*UM unique mass 
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Chapter 5: Conclusions 

 

5.1 Concluding summary 

 

The analysis of sputum is an attractive and effective sample matrix for exploring various airway and 

lung diseases since it is collected directly from the site of infection. In addition, the use of “sick” 

controls (TB-, but with similar symptoms) as opposed to healthy controls adds significant value to the 

outcomes of the study because the identified biomarkers or feature profiles represent a “real life 

scenario” and have a higher probability of being disease-specific. This approach eliminates the 

identification of general disease markers, such as those representing inflammation or an immune 

reaction, for example, thereby increasing the potential future application in diagnostics.    

 

Although sex and HIV status, independently, have been shown to influence metabolite profiles of 

healthy individuals, no metabolomics studies to date (on any sample matrix) have investigated the 

effect of these covariates on TB-induced metabolome variations.  Here, we indicate that these 

confounding factors do indeed introduce noteworthy variations in the metabolome’s response to 

infection, and that covariates such as sex should be considered as a potential confounding variable 

when analysing metabolomics data. This approach could assist in the development of more 

individualised prognosis, diagnostic, and treatment procedures.   

 

In addition, this study highlights the role that lipid metabolism, in particular LPA, plays in TB 

pathogenesis.  Although LPA was previously identified and described for many lung-related disease 

states, research on the involvement of this lipid class in TB could be better described since it can shed 

light on the inner workings of the lipid-based metabolome for the disease which could reveal novel 

biomarkers for downstream optimization of diagnosis and treatment of TB.  Further exploration could 

potentially lead to a better characterisation of the disease mechanisms and the establishment of 

metabolite-based diagnostic, disease monitoring, and/or treatment efficacy markers. 

 

There are some limitations regarding this study in that it is representative of a very small cohort, 

collected from one country. The conclusions and hypotheses generated could therefore be specific to 

this cohort, and a the study should be  validated with a larger-equally distributed TB positive and TB 

negative patient group, with better described demographics.  
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5.2 Future prospects 

Although this study provided new insights into the pathogenesis of TB, and identified disease-induced 

perturbations which are not influenced by sex and HIV status, it was exploratory in nature, and paves 

the way for future investigations.  These prospects include: 

● The application of this methodology and research approach to a larger, balanced cohort. 

● To do similar pilot studies on cohorts collected from various geographical areas in South 

Africa, Africa and globally. 

● To investigate the effect of more potentially confounding factors, such as age, race, chronic 

medications, or other co-infections, for example, on the TB-induced sputum metabolome. 

● The findings of this study also highlight the need for the application of a more targeted 

lipidomics methodology to thoroughly investigate and understand how the lipid content in 

sputum varies in patients. 

● In accordance with the above, a targeted study investigating LPA should be applied to these 

samples to confirm the differential markers identified using compound standards. This could 

aid faster diagnosis and consequent treatment of the disease and provide robust biomarker 

profiles that can be easily tested for using high-throughput diagnostic methods. 

● To repeat the study design using other sample matrices such as urine, blood, or saliva.  The 

latter could be an attractive matrix for the development of point of care devices and to 

confirm lipid metabolome involvement and how robust it could be as a definitive 

marker/profile for use in routine diagnostic application.  

 

Overall, this study indicates the importance of well-defined sample cohorts in metabolomics studies. 

To date, thousands of studies have been done using metabolomics to identify differential metabolites 

characterising a multitude of diseases.  The clinical application of the outcomes of these studies, is, 

however, scarce, and mostly still limited to the diagnosis of inborn metabolic disorders.  We postulate 

that, by predefining cohorts, and investing potential confounding factors, researchers could perhaps 

break the cycle and identify metabolic variations (within the lipid metabolome for example) with 

practical and significant clinical value. 
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Appendix A: Supplement to Chapter 4 

 

Note: Tables S1, S2 and S3 are included as a supplementary Excel workbook.  

 

 

 

Figure S1: Principal component analysis (PCA) before and after batch correction using the COMBAT function, indicating 

no prominent batch effect (cumulative variation explained by the first two principal components (PCs) was 20.3 % before 

and 18.9% thereafter). B = batch.  
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Figure S2: Mean concentration (with 95 % confidence interval) of the unannotated compound (compound x) in all participant 

subgroups. 

 

 
 
Figure S3: Mass spectrum of the compound detected as statistically significant in all subgroup comparisons (top), 

compared to the mass spectrum in the NIST library (bottom), leading to the annotation of the compound as 1-oleoyl 

lysophosphaditic acid (LPA) based on a 82.4% similarity.  The differences between the two mass spectra are given as the 

middle figure.  
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Figure S4: NIST library mass spectra of 1-margaroleoyl LPA and 1-palmitoleoyl and LPA. 

 

 

 

 
 
Figure S5: Mass spectrum of the unannotated compound detected as statistically significant in all subgroup comparisons 

(top), compared to the best matched (76,4% similarity) mass spectrum in the NIST library (bottom), leading to the annotation 

of the compound as oleic acid. The differences between the two mass spectra are given as the middle figure.  
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Appendix B: Research outputs 

Poster: Beukes, D., Van Reenen, M., Loots DT., Du Preez, I.  The effect of sex on the sputum 

metabolome of TB and TB/HIV co-infected individuals. Presented as poster at the 18th Annual 

Conference of the Metabolomics Society: Metabolomics 2022: Valencia, Spain, 19-23 June 2022. 
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Abstract 

Introduction Various studies have identified TB-induced metabolome variations.  However, in most 

of these studies, a large degree of variation exists between individual patients. 

Objectives To identify differential metabolites for TB, independent of patients’ sex or HIV status.   

Methods Untargeted GCxGC/TOF-MS analyses were applied to the sputum of 31 TB+ and 197 TB- 

individuals.  Univariate statistics were used to identify metabolites which are significantly different 

between TB+ and TB- individuals (a) irrespective of HIV status, and (b) with a HIV+ status.  

Comparisons a and b were repeated for (i) all participants, (ii) males only and (iii) females only. 

Results Twenty-one compounds were significantly different between the TB+ and TB- individuals 

within the female subgroup (11% lipids; 10% carbohydrates; 1% amino acids, 5% other and 73% 

unannotated), and 6 within the male subgroup (20% lipids; 40% carbohydrates; 6% amino acids, 7% 

other and 27% unannotated). For the HIV+ patients (TB+ vs TB-), a total of 125 compounds were 

significant within the female subgroup (16% lipids; 8% carbohydrates; 12% amino acids, 6% organic 

acids, 8% other and 50% unannotated), and 44 within the male subgroup (17% lipids; 2% carbohydrates; 

14% amino acids related, 8% organic acids, 9% other and 50% unannotated).  Only one annotated 

compound, 1-oleoyl lysophosphaditic acid, was consistently identified as a differential metabolite for 

TB, irrespective of sex or HIV status.  The potential clinical application of this compound should be 

evaluated further. 

Conclusions Our findings highlight the importance of considering confounders in metabolomics studies 

in order to identify unambiguous disease biomarkers. 

 

Keywords tuberculosis; sputum; confounding factors; GCxGC-TOFMS; metabolomics
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1 Introduction 
Tuberculosis (TB), caused by Mycobacterium tuberculosis (Mtb), still poses a threat, not only to health, 

but also to socioeconomics, particularly in low- and middle-income countries.  An estimated 10 million 

new cases of TB, 1.2 million deaths among human immunodeficiency virus (HIV)-negative TB patients, 

and 251 000 deaths in HIV/TB co-infected individuals were reported in 2018 (World Health 

Organization 2019).  Moreover, TB prevalence differs between males and females, with a male to 

female ratio of 1.6:1 (World Health Organization 2016). 

In the fight against TB, metabolomics has become an increasingly popular research approach. This 

methodology has been used to investigate various aspects of the diseases, from the basic biology to the 

identification of disease specific biomarkers and improved treatment regimens (Du Preez et al., 2019).  

In most of these studies, the cohorts are, however, complex due to inter- and intra-individual 

heterogeneity (e.g., age, sex, and comorbidities).  Many of these internal and external factors can perturb 

the human metabolome, even in participants considered to be healthy. Darst et al. (2019), for example, 

indicated that 63,4 % (n=695) of the metabolites identified in healthy human plasma correlated to sex.  

In an earlier study, a clear variation between the phosphatidylcholine and acylcarnitine metabolite 

classes were identified in males and females (Li et al., 2018).  With regards to HIV, Cassol et al. (2013), 

for instance, could differentiate between the untargeted plasma metabolic profiles of HIV patients on 

antiretroviral therapy and healthy controls, identifying increased bile acids and acylcarnitines and 

decreased sulfated steroids, polyunsaturated fatty acids, and lysophosphocholine (LPC) in the patient 

samples, comparatively.  

In accordance, the aim of this study was to identify potential variations in the sputum metabolome of 

TB patients, when including confounding factors such sex and HIV status.  The inclusion of these and 

other covariances into biomarker studies could enable the identification of more sensitive and specific 

diagnostic and drug targets. Only one annotated compound, 1-oleoyl lysophosphatidic acid, was 

consistently identified as characteristic for TB, despite the sex and HIV status of patients.  According 

to our knowledge, metabolomics studies done on sputum are limited, and this is the first attempt to 

investigate these confounding factors in this matrix.  Outcomes therefore also suggest improvements to 

future metabolomics study designs, not only for TB, but for diseases in general. 

 

2 Materials and methods 

 

2.1 Sample collection 
Sputum samples from patients suspected of having TB, based on a medical assessment of the symptoms 

associated with the disease were sent to a centralized national laboratory, where standard diagnostic 

procedures, including both Ziehl-Neelsen staining and bacteriological culture were performed, as per 

https://paperpile.com/c/NtchTE/lxs3
https://paperpile.com/c/NtchTE/lxs3
https://paperpile.com/c/NtchTE/NroR
https://paperpile.com/c/NtchTE/4HOw
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the normal clinical route.  After diagnostic testing, the remnant proportion of these samples were frozen 

(-80 °C) and transported to the North-West University, Centre for Human Metabolomics, for secondary 

use in research.  Samples were received in this manner from March 2009 to May 2010.  Anonymity 

was safeguarded by assigning a unique code to each sample prior to transport. Collected samples were 

included in the study if they had sufficient volumes for the analyses.  Although no additional inclusion 

or exclusion criteria were considered, some clinical information could be obtained: HIV status (only 

where the patient requested for an HIV test to be performed), age at time of collection and sex. 

 

2.2 Sample extraction and derivatization 
 

Prior to extraction, 250 μL of each patient sample was homogenized with ethanol (Schoeman et al. 

2012) and extracted using a previously described method (Beukes et al., 2019).  Samples were randomly 

analyzed across subgroups, in 19 batches. In short, 50 μL of the internal standard, 3-phenylbutyric acid 

(0.525 mg mL-1), was added to 250 μL of the homogenised sample.  Hereafter, 1 mL of an extraction 

solvent mixture consisting of chloroform:methanol:water (1:3:1) was added to the tubes (Honeywell 

International Inc., Muskegon, MI, USA). The extraction was performed using a MM 400 mixer mill 

(Retsch GmbH & co. KG, Haan, Germany) at a frequency of 30 Hz, for 5 min, after the addition of a 3 

mm tungsten carbide bead to each sample tube. Following centrifugation (4 °C at 21 952 x g for 10 

min), the supernatant (including the organic and water phases, excluding the pellet) was collected, 

transferred to a GC-MS sample vial and dried under a light stream of nitrogen. Following this, samples 

were derivatized using 50 μL of methoxyamine hydrochloride in pyridine (15 mg/mL) (Merck, 

Darmstadt, Germany) at 50 °C for 90 min, followed by 40 μL of N,O-

Bis(trimethylsilyl)trifluoroacetamide (BSTFA) (Sigma-Aldrich, St. Louis, MO, USA) with 1 % TMCS 

at 60 °C for 60 min. The extracts were transferred to a 0.1 mL insert in a sample vial and capped prior 

to untargeted GCxGC-TOFMS analysis. 

 

2.3 GCxGC-TOFMS analysis 

One microliter of each sample extract was injected (1:5 split ratio) onto a Pegasus 4D GCxGC-TOFMS 

(Leco Corporation, St. Joseph, MI, USA), which comprises an Agilent 7890A GC (Agilent, Atlanta, 

GA) coupled to a time of flight mass spectrometer (Leco Corporation, St. Joseph, MI, USA) equipped 

with a Gerstel Multipurpose Sampler (Gerstel GmbH & co. KG, Eberhard-Gerstel- Platz 1, D-45473 

Mülheim an der Ruhr). First dimensional separation was achieved with a Rxi-5Sil MS primary column 

(29.245 m, 0.25 mm internal diameter, 0.25 μm film thickness) (Restch GmbH & co. KG, Haan, 

Germany) and a Rxi-17 capillary column (1.400 m, 0.1 mm internal diameter, 0.1 μm film thickness) 

was fitted as the secondary column (Restch GmbH & co. KG, Haan, Germany). The front inlet 

https://paperpile.com/c/NtchTE/UWMd
https://paperpile.com/c/NtchTE/UWMd
https://paperpile.com/c/NtchTE/cdwd


 

67 
 

temperature was held at a constant 270 °C for the entire run, ensuring rapid vaporization. For the 

primary oven, an initial GC oven temperature was set at 70 °C for 2 min followed by an initial increase 

in oven temperature of 4 °C/min to a final temperature of 300 °C, which was held for 2 min. The 

secondary column oven temperature was set at 85 °C for 2 min, then increased by 4 °C/min, until a final 

temperature of 300 °C, at which it was maintained for a further 2 min. The initial temperature of the 

modulator was 100 °C for 2 min, followed by a 4 °C/min increase to a final temperature of 310 °C held 

for 9 min. To control the effluent from the primary onto the secondary column, cryomodulation and a 

hot pulse of nitrogen gas of 0.5 s, every 3 s was used. The acquisition delay for each run was 450 s and 

the transfer line temperature was held at a constant 270 °C, with the ion source temperature at a constant 

200 °C. The detector voltage was adjusted to 1500 V with a filament bias of - 70 eV. Spectra were 

collected in scan mode from 50 - 800 m/z at an acquisition rate of 200 spectra per second. Note: this 

was an untargeted approach, with the general aim of separating and detecting as many compounds as 

possible within a single run (Schoeman et al., 2012, Du Preez & Loots, 2013) 

Mass spectral deconvolution, peak alignment and peak identification was performed using Leco 

Corporation’s ChromaTOF software (version 4.51). Mass spectral deconvolution was performed at a 

signal-to-noise ratio of 100, with a minimum of three apexing peaks. To eliminate the effect of retention 

time shifts and to create a data matrix containing the relative abundance of all compounds present in all 

samples, peaks with similar mass spectra and retention times were aligned using Statistical Compare, a 

package of ChromaTOF. Mass fragmentation patterns and their respective retention times were 

screened against commercially available National Institute of Standards and Technology (NIST) 

spectral libraries (mainlib, replib) for peak annotation, with a similarity setting of at least 80%.  

 

2.4 Statistical data analysis 

Statistical analyses were performed using MetaboAnalyst (version 5.0) (Pang et al., 2021) and R (R 

Core Team, 2021).  Data were normalized to the sample median, log transformed and auto scaled prior 

to processing. First, the presence and severity of any batch effect was evaluated, and a summarizing 

view of the data generated using principal component analyses (PCA).  For this purpose, data from all 

patient samples analysed, grouped according to the batch they were analysed in, were used. 

Next, to evaluate the confounding effect of the available clinical information, the processed data were 

analysed by assigning the participant data to six subgroups, including: all participants (irrespective of 

HIV status), all female participants, all male participants, all HIV+ participants, HIV+ female 

participants, and HIV+ male participants (Figure 1).  Based on the classification, individual samples 

could be added to more than one subgroup for statistical analysis. 

https://paperpile.com/c/NtchTE/UWMd
https://paperpile.com/c/NtchTE/Ucft
https://paperpile.com/c/NtchTE/TQ02
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Considering the limitation of the study design (i.e. the study was not purposefully designed to assess 

sex as a main factor), we chose to focus solely on effect sizes as a measure to identify differential TB 

metabolites. The usual multivariate metabolomics statistical approach is considered inappropriate for 

small sample sizes. In the univariate setting, the reporting of effect sizes along with p-values from 

hypothesis testing, has become the new standard. Considering that any findings made here will require 

further investigation, a nonparametric effect size was used to assess the role of sex in more diagnostic 

terms. The estimated effect sizes reported here will be invaluable for designing future studies. P-values 

on the other hand, will be of little value as the current sample size does not allow for the generalization 

of findings, especially after performing the required adjustments for multiple testing.  The probability 

of superiority (Aw) effect size measure was selected due to the qualities it possesses. It is a common 

language measure which improves the accessibility of the information. That is, the interpretation of the 

measure is straightforward, it is the probability that a case randomly selected from group 1 will have a 

higher value than a case randomly selected from group 2. Aw makes no assumptions regarding normality 

or homogeneity of variances and is robust to unequal sample sizes. The R package RProbSup 

(https://cran.r-project.org/package=RProbSup) was used to compute Aw given default settings. 

Compounds with an Aw value exceeding 0.64 between TB+ and TB- participants, within each of the 

subgroups, were shortlisted as informative. An Aw value of 0.64 corresponds to a moderate effect. For 

more information on Aw, please refer to Li (2016). 

The outputs of the subgroup comparison were then cross-compared to identify those compounds who 

were identified as differential for TB in all instances. These metabolites were recognized as being 

characteristic of TB, irrespective of sex or HIV status. 

 

Fig. 1 Overview of the composition of the participants in each sample subgroup.  Numerical values 

indicate the total number of participants per subgroup, and double-headed arrows indicate the cohort 

comparisons used in the statistical analyses. 

 

https://cran.r-project.org/package=RProbSup
https://paperpile.com/c/NtchTE/N5wi
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3 Results and discussion 

3.1 Population 

A total of 228 participants, comprising 189 males and 39 females, were included in the study.  All 

participants were adults, aged between 20 and 60 years, with the age range for the male group being 

24-60 and 20-58 years for females. The composition of the sample subgroups within the total cohort is 

stipulated in Figure 1.  Sample sizes (especially the female HIV+ group) and the residual spread between 

TB+ and TB- for some of the abovementioned subgroups were very small.. As previously stated, the 

samples were originally collected for diagnostic purposes, and, although this cohort is representative of 

the typical South African TB patient population, the lack of study design in terms of patient recruitment 

limits the current investigation.  Therefore, it should be noted that this is a preliminary study to 

understand if sex and HIV-status should be considered as confounding factors in future TB 

metabolomics investigations. The results are not aimed at identifying set diagnostic biomarkers, as is 

evident from the selection of only a robust ES to identify differentiating compounds. Expressing 

metabolic changes in this manner can guide future power calculations to determine appropriate sample 

sizes, while the identified differentiating metabolites are hypothesis generating, and can be used to guide 

the choice of future, more targeted analysis.  The latter should include MRM-based compound 

identification and absolute quantification using isotopes and calibrators. 

 

3.2 Overview of the data 

In total, 969 features were detected, of which 343 could be annotated by spectral comparison to a 

commercial library compiled of previously injected standards (with a similarity match of at least 80%).  

Although the remaining 626 compounds could not be annotated, they were still included in all statistical 

analyses, and classified as ‘unannotated’.  Due to the nature of the classification procedure, some 

compounds with similar molecular structures and, hence, mass spectra, were given the same annotation 

(based on the best library hit).  Retention times and unique masses were used to determine if these were 

indeed two different compounds, and if so, the duplicate name was retained with a code, and 

concentrations analysed as separate compounds.  No prominent batch effect or significant gain 

difference after batch correction was observed (Supplementary info: Figure S1).  The dataset was 

therefore analysed further without applying a batch effect correction procedure.  

 

Separation between the data obtained from the TB+ and TB- individuals, when including all 

participants, was not evident (Figure 2).  This is consistent with our previous findings (Du Preez & 

Loots, 2013), and can potentially be ascribed to the inter-individual variation in the study population 

(sex, comorbidities, etc.). 

https://paperpile.com/c/NtchTE/Ucft
https://paperpile.com/c/NtchTE/Ucft
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Fig 2 PCA scores plot for complete dataset (all participants), showing no differentiation between the 

TB+ (TBP) and TB- (TBN) sample groups. 

 

 

3.3  Subgroup comparisons 

Details of the statistically significant compounds identified for each subgroup comparison are given in 

the supplementary info (Table S1 and Table S2).  A summary of these metabolic variations, according 

to the compound classes, is given in Figure 3.  Table 1 stipulates the annotated differential compounds 

which were either identified in all of the ‘all participant’ subgroups or all of the TB/HIV+ subgroups.   

Most differential compounds in all subgroups were lipids, except in the ‘all male participant’ group, 

where carbohydrates dominated (Figure 3). Although the main aim of this study was not to identify 

gender-specific pathway differences, it is interesting to note that Krumsiek et al. (2015) previously 

determined that the entire super-pathway of carbohydrates (specifically including glycolysis, 

gluconeogenesis, pyruvate, fructose, mannose, galactose, starch, and sucrose metabolisms) were 

significantly higher in the serum of healthy males, compared to females. 

 

3.3.1 Differential TB compounds: all male and female participants 

When including all participants (Table S1), 10 compounds were identified as significantly different 

when comparing the TB+ and TB- groups, of which 6 could be annotated. In the female subgroup, 74 
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significant compounds (21 annotated) were identified, including mostly lipids and carbohydrates, of 

which 8 were also differential when including all participants.  In the male group, 10 compounds were 

significantly different between the TB+ and TB- participants, and all 6 of the annotated compounds 

were also differential in the ‘all participants’ group. Only 4 compounds (3 annotated) were constantly 

detected as differential when considering all three ‘all participant’ subgroups, including glycine, 2-

hexadecanone, and 1-oleoyl lysophosphatidic acid (LPA) (Table 1).  Although these compounds has 

not yet been identified as sputum TB markers, glycine has been detected as a marker in serum (Zhou et 

al., 2013) and 1-oleoylglycerophosphocholine (lysoPC(p-18:1(9Z)), a direct precursor of 1-oleoyl LPA, 

was identified as part of a TB serum biosignature (Feng et al., 2015). 

 

Fig. 3 Representation of the number of compounds per class detected with an ES > 0.64 (as a percentage 

of the total), for each subgroup comparison of TB+ vs TB-. 

 

3.3.2 Differential TB compounds: HIV+ male and female participants 

A total of 104 (39 annotated) compounds, mostly lipids and amino acid related, were identified as 

differential when including all HIV+ participants (Table S2).  Furthermore, 337 (125 annotated) and 

163 (44 annotated) compounds were differential in the HIV+ female and HIV+ male subgroups, 

respectively.  Twenty-five compounds were significant when cross-comparing differential compounds 

identified for the three HIV+ subgroups (Table 1), indicating that TB has a more prominent effect on 

the metabolism in HIV+ individuals, compared to a population where HIV is less frequent (‘all 

participant’ groups).  Interestingly, two metabolites, including heptadecanoic acid and 2,5-dimethoxy-

4-(n)-propylphenethylamine, were identified as differential for TB in both the female and male HIV+ 

https://paperpile.com/c/NtchTE/5lhF
https://paperpile.com/c/NtchTE/5lhF
https://paperpile.com/c/NtchTE/7Tjw
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groups, but with opposite trends.  Since the variations between sexes were not the main aim of this 

study, this was not investigated further. 

Although various studies have applied metabolomics as a tool to investigate different aspects of HIV, 

using diverse sample matrices, metabolomics studies exploring the TB/HIV co-infection are scarce 

(Liebenberg et al., 2021).  In 2019, Silva et al., indicated that arachidonic acid and the 

glycerophospholipid metabolism were altered in the plasma of HIV patients with paradoxical TB-

associated immune reconstitution inflammatory syndrome (IRIS), when compared to non-IRIS TB/HIV 

patients (Silva et al., 2019).  In the current study, we also identified both arachidonic acid and 1-oleoyl 

LPA, which is an intermediate of the glycerophospholipid metabolism, as differential in all HIV+ 

subgroups (Table 1).  Two other studies have identified changes in the tryptophan/kynurenine ratio 

when comparing HIV+ and HIV- TB-patients (Adu-Gyamfi et al., 2017; Collins et al., 2020).  Although 

we detected six amino acid related compounds characterising TB in the HIV+ subgroup, neither 

tryptophan nor kynurenine were included in this list.   

 

3.3.2 Cross-comparison of all markers identified for all subgroups 

Two compounds, of which one could be annotated as 1-oleoyl LPA, were identified across all subgroup 

comparisons (Table 1).  Although the second compound (hereafter referred to as compound X) could 

not be annotated based on the set criteria of a similarity match > 80%, its mass spectra could be denoted 

as oleic acid, with a similarity match of 76,4% (Supplementary material Figure S4). Boxplots of 

compound X in all subgroups are provided in the supplementary material (Figure S2). This compound 

showed an overall decrease in the TB+ cases compared to TB- individuals when including all 

participants, but an increase in the HIV+ patients.  In addition, compound X was higher in the TB 

patients in both the male subgroups, compared to the TB- cases, but this trend was reversed in both 

female groups. The standard deviations do, however, indicate large variation between the individuals 

within the subgroups, and therefore, no valid conclusions can be made from these results without further 

investigation. 

 

Boxplots of 1-oleoyl LPA, in all subgroups, are provided in Figure 4.  These results indicate a significant 

difference between the TB+ and TB- participants in each subgroup.  It should be noted that the 

annotation of this compound was based on a comparison of its mass spectrum to those in a spectral 

library, which showed a similarity match of 82.4% compared to the spectrum of 1-oleoyl LPA 

(supplementary material Figure S3).  The compound’s mass spectrum was also closely related to that 

of 1-margaroleoyl LPA acid and 1-palmitoleoyl LPA with similarity matches of 76.5% and 74.0% 

respectively (supplementary material Figure S4).  We will therefore discuss this outcome in terms of 

LPA in general, irrespective of the fatty acid chain length. 

Previous studies have described changes to the lipid metabolome (lipidome) in TB patients (Han et al. 

2021;Chen et al. 2021), including our own on sputum (Du Preez and Loots 2013; Schoeman et al. 2012).   

https://paperpile.com/c/NtchTE/kWPB
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In mice, M.tb uses fatty acids as the main source of carbon (Ghazaei, 2018) and host lipids are the 

predominant nutrient source for these infective bacteria (Han et al., 2021).  Our current study highlights 

the potential role of LPA in the pathogenesis of TB and TB/HIV co-infection.  LPA is a bioactive 

phospholipid, consisting of a glycerol backbone with a hydroxyl group, a phosphate group, and a fatty 

acid chain, produced during the synthesis of cell membranes. LPA is described as an important 

extracellular signalling molecule present in all eukaryotic tissues and blood plasma.  These compounds 

also play an active role in modulating and inducing cell proliferation and migration, not only during 

cell development but also in pathological conditions. In some cancers, LPA signalling has been linked 

to the biological events triggering the development of therapy resistance or responses to treatment 

(Geraldo et al., 2021). 

 

Various studies have specifically linked LPA to lung pathologies.  When investigating pulmonary 

fibrosis in humans, it was shown that LPA-LPA receptor 1 (LPA-LPA1) signalling plays a critical role 

in the progression of the disease (Tager et al., 2008). Furthermore, during lung injury, increased levels 

of LPA are produced in bronchoalveolar lavage. The LPA in turn induces the accumulation of 

fibroblasts and vascular leakage via LPA1, advancing the progression of fibrosis (Aikawa et al., 2015).  

A study monitoring the plasma lipid levels of TB patients from initial diagnosis until cured, indicated 

that some LPAs show promise as biomarkers for TB.  They added that the intervention of lipid 

metabolism could potentially block energy metabolism and in turn inhibit the cell wall synthesis of Mtb 

(Chen et al., 2021).  

A metabolomics study by Weiner et al. (2012) compared TB patients to healthy participants. They found 

that serum amino acids, medium-chain fatty acids, and the LPA precursor, LPC, were in lower 

abundance in the patients, comparatively.  In addition, the metabolic profile of active TB disease, 

compared to latent infection, showed decreased phospholipase activity. Phospholipase A2 (PLA2) 

hydrolyses the ester bond at the sn2 position of membrane phospholipids, usually resulting in the release 

of free fatty acids and lysoglycero-phospolipids, the latter of which are precursors of LPA. PLA2 is 

essential for inducing inflammation and plays a key role in the immune response (Wesley Burks et al., 

2019).  Accordingly, in 2020, Han et al. (2021) applied ultra-high-performance liquid chromatography-

tandem mass spectrometry to investigate plasma lipid levels in patients with TB, lung cancer, 

community-acquired pneumonia, and healthy controls. The study found decreased plasma phospholipid 

levels (LPA: bioactive phospholipid) and speculated that Mtb infection might be responsible for 

regulating the lipid metabolism of TB patients by promoting host-assisted bacterial degradation of 

phospholipids (Han et al., 2021).  Lower abundances of LPCs/LPAs in TB patients could 

mechanistically be related to the induction of macrophage apoptosis by M. tuberculosis through 

inhibition of PLA2 (Duan et al., 2001)  

https://paperpile.com/c/NtchTE/nx6j
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Coincidently, a significant difference in plasma LPA concentration attributing to sex and age was 

identified amongst 100 healthy individuals (Michalczyk et al., 2017).  However, when investigating sex 

as a confounding variable in the sputum metabolomes of lung cancer patients, no significant effect was 

observed, indicating that the lung pathology-induced variation in LPA overshadows the effect of sex 

(O’Shea et al., 2016).   

 

The findings of this study highlight the need for an in depth targeted lipidomics study to thoroughly 

investigate and understand how lipids, and LPA, contributes to the pathology of TB.  The identification 

of specific LPAs, such as 1-oleolyl LPA in sputum, additionally presents an opportunity for potential 

biomarker discovery or profiling for diagnosing TB in males or females with or without HIV co-

infection. The exact identity of this compound should, however, be confirmed using compound 

standards and more sensitive MS methods such as MS/MS and ion mobility.  In addition, the absolute 

quantification using isotopes and calibration curves, in a larger cohort, recruited from different endemic 

countries, would be essential in the validation process. 
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Table 1 Annotated compounds with ES > 0.64 in either all the ‘all participant’ subgroups, or all the HIV+ subgroups 

  Total cohort HIV+ 

Class Compound* 

All Participants Female Male All Participants Female Male 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Effect 
size 

Decreased 
(↓) or 

increased 
(↑) in TB+ 

group 

Carbohydrate related Glucose (UM:204) - - - - - - 0.66 ↓ 0.68 ↓ 0.67 ↓ 

Carbohydrate related Inosine (UM:230) - - - - - - 0.67 ↓ 0.86 ↓ 0.65 ↓ 

Lipid related 1-Palmitoyllysophosphatidic acid 
(UM:299) - - - - - - 0.71 ↓ 0.86 ↓ 0.69 ↓ 

Lipid related 
1-Oleoyl Lysophosphaditic acid 
(UM:357) 0.66 ↓ 0.73 ↓ 0.64 ↓ 0.67 ↓ 0.86 ↓ 0.64 ↓ 

Lipid related Cholesterol (UM:129) - - - - - - 0.75 ↓ 0.93 ↓ 0.74 ↓ 

Lipid related Eicosane (UM:57) - - - - - - 0.71 ↓ 0.93 ↓ 0.68 ↓ 

Lipid related Heptadecanoic acid (UM:117) - - - - - - 0.66 ↓ 0.64 ↑ 0.66 ↓ 

Lipid related à-Linolenic acid (UM:67) - - - - - - 0.67 ↓ 0.79 ↓ 0.65 ↓ 

Lipid related Arachidonic acid (UM:80) - - - - - - 0.69 ↓ 0.79 ↓ 0.67 ↓ 

Lipid related Oleamide (UM:144) - - - - - - 0.66 ↓ 0.64 ↓ 0.66 ↓ 

Lipid related Palmitaldehyde, dibutyl acetal (UM:57) - - - - - - 0.67 ↓ 0.79 ↓ 0.64 ↓ 

Amino acid related Glycine (UM:102) 0.69 ↓ 0.68 ↓ 0.70 ↓ - - - - - - 

Amino Acid related L-Ornithine (UM:142) - - - - - - 0.65 ↓ 0.64 ↓ 0.65 ↓ 

Amino Acid related L-Valine (UM:144) - - - - - - 0.68 ↓ 0.79 ↓ 0.67 ↓ 
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Amino Acid related DL-Ornithine (UM:174) - - - - - - 0.69 ↓ 0.79 ↓ 0.66 ↓ 

Amino Acid related 4-Coumaric acid (UM:293) - - - - - - 0.68 ↓ 0.79 ↓ 0.65 ↓ 

Amino Acid related 2-Aminomalonic acid (UM:218) - - - - - - 0.67 ↓ 0.64 ↓ 0.66 ↓ 

Amino Acid related N-à-Acetyl-L-Lysine (UM:174) - - - - - - 0.69 ↓ 0.64 ↓ 0.71 ↓ 

Organic compound 
related Ethanolamine (UM:174) - - - - - - 0.65 ↓ 0.71 ↓ 0.65 ↓ 

Organic compound 
related Parabanic acid (UM:243) - - - - - - 0.68 ↓ 0.75 ↓ 0.67 ↓ 

Organic compound 
related 

2,5-Bis((trimethylsilyl)oxy)pyrazine 
(UM:241) - - - - - - 0.64 ↓ 0.79 ↓ 0.64 ↓ 

Other Decanamide, N-(2-hydroxyethyl)- 
(UM:85) - - - - - - 0.68 ↓ 0.79 ↓ 0.66 ↓ 

Other Ethylone (UM:144) - - - - - - 0.66 ↓ 0.68 ↓ 0.67 ↓ 

Other Oxazole, 2-(8Z)-8-heptadecen-1-yl-4,5-
dihydro- (UM:98) - - - - - - 0.68 ↓ 0.71 ↓ 0.66 ↓ 

Other 2,5-Dimethoxy-4-(n)-
propylphenethylamine (UM:174) - - - - - - 0.65 ↓ 0.68 ↑ 0.65 ↓ 

Other 3-Chloroamphetamine (UM:116) - - - - - - 0.65 ↓ 0.71 ↓ 0.66 ↓ 

Other 2-Hexadecanone (UM:58) 0.69 ↓ 0.73 ↓ 0.68 ↓ - - - - - - 

UM unique mass 
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Fig. 4 Boxplots of the compound, annotated as 1-oleoyl lysophosphaditic acid (LPA), in all of the 

subgroup comparisons, compiled using the original concentrations and normalised concentrations.  Due 

to the small sample size of the female HIV+ group, boxplots could not be created. 

 

5 Conclusion 
This is the first study to show that confounding factors can result in major differences in the 

metabolome’s response to M. tuberculosis infection.  Covariants such as sex and comorbidities should 

be considered when using metabolomics to explore disease mechanisms.  This approach could assist in 

the development of improved study designs, and therefore, the identification of more specific diagnostic 

and treatment procedures for TB. 
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