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Summary

Infections with non-tuberculous mycobacteria (NTM) are increasing, partic-

ularly among immune-compromised patients and those with damaged lungs.

Mycobacterium tuberculosis complex (MTB) strains, however, remain the

most common cause of mycobacterial infection. A rapid method of dis-

tinguishing MTB from NTM is required for correct diagnosis and tuber-

culosis management. We have developed an automated procedure based on

thermally-assisted hydrolysis and methylation followed by gas chromatography-

mass spectrometry (THM-GC-MS) and advanced chemometrics to differenti-

ate MTB from NTM. We used early cultures of mycobacteria in this first step

towards the direct identification of these bacteria in sputum using a hand-

held portable device. To build a classification model, we used 44 strains

including 15 MTB and 29 NTM. A matrix of the aligned dataset contain-

ing ∼ 45,700 features for the 44 observations was submitted to partial least

squares discriminant analysis (PLSDA). We could reduce the number of fea-

tures down to 250 without compromising the accuracy of the model. Twenty

compounds were found through mass spectral interpretation of these 250

features. Some of these compounds have not been linked to tuberculosis

before, others have been proposed previously as diagnostic biomarkers for

this disease. We have built a final model based on our proposed biomark-

ers that performed with 95% accuracy in distinguishing MTB from NTM in

early cultures. Since all these biomarkers have been chemically identified,

work can proceed towards the development of bed-side diagnostic tests to

differentiate MTB from NTM in sputum.
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3.1 Introduction

Tuberculosis (TB) remains endemic in many parts of the world, causing sig-

nificant morbidity and mortality, even though the disease is curable. In 2010,

one quarter of the 1.45 million deaths from TB occurred in HIV-positive

patients [1]. In these patients and other vulnerable groups such as the

immune-compromised and those with chronic lung damage, there is a need

to distinguish infection with a mycobacterium belonging to the Mycobac-

terium tuberculosis complex (MTB) from infection with a non-tuberculous

mycobacterium (NTM). This will allow prompt treatment and reduce the

risk of the spread of TB. Failure to diagnose NTM infection and treatment

of the patient as having TB may have serious consequences. Most NTM are

resistant to the commonly used anti-tuberculous drugs and failure to respond

to inappropriate treatment with these drugs may lead to the patient being

misdiagnosed as having drug-resistant TB and result in further exposure

to ineffective agents with serious side-effects. The number of patients with

infection by NTM is increasing and moreover there is strong geographical

variation in the responsible NTM species [2, 3].

The commonest method worldwide for diagnosing mycobacterial infection

remains direct identification of mycobacteria in sputum using Ziehl-Neelsen

staining and microscopy. This test has a variable sensitivity of between

30 and 70% compared with culture and it does not distinguish MTB from

NTM. The diagnosis of mycobacterial infection in HIV-positive patients is

even more difficult, since these patients have fewer mycobacteria in their spu-

tum than HIV-negative patients. Accurate diagnosis of TB usually requires

the culture of appropriate specimens from the patient. The WHO recom-

mends rapid culture systems using the Mycobacteria Growth Indicator Tube

and Microscopic Observation Drug Susceptibility assay that have been in-

troduced in many countries [4]. A positive result in these tests confirms

the presence of mycobacteria, but does not distinguish MTB from NTM.

The potential for confusion is shown in our recent results from Cape Town,

South Africa where approximately 28% of the culture-positive sputum sam-

ples were microscopy-negative, and of these samples 58 % were MTB strains

and 42% were NTM strains [5].

There are various methods available to distinguish MTB from NTM. The

conventional way is based on the growth of the bacteria in different culture
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media and on biochemical methods such as the niacin test, a process which 
can take several weeks [6]. Commercial tests based on the detection of the 
MTB specific protein MPT 64, have been introduced recently [7]. These tests 
are very simple but they are not suitable for direct identification of MTB in 
sputum. False-negative results may be caused by a mutation in the MPT 
64 gene [8]. Polymerase chain reaction (PCR) tests based on mycobacterial 
genotype have been developed [9–11] and are commercially available, but al-
though these are sensitive, they are labour intensive and require well-trained 
personnel and dedicated facilities.
The liquid chromatography (LC) or gas chromatography (GC) techniques 
introduced in the 1980’s and the commercial identification system based on 
mycolic acid (Midi Inc, Newark, DE, USA) need sample preparation, consid-
erable initial investment and a knowledgeable operator of the sophisticated 
equipment [12]. Also, these tests are only useful for the identification of 
cultivated mycobacterial species [13]. Raman spectroscopy, pyrolysis mass 
spectrometry and Fourier transform infrared spectroscopy metabolic finger-
printing methods are again only useful for cultivated mycobacteria and re-
quire specialized personnel and equipment [14–17] . Electronic nose technol-
ogy and African pouched rats have been used for the detection of MTB in 
sputum, but these tests require training of the detector and they are only 
moderately successful [18–20] .
In 2009 the fully automated procedure for the identification of MTB in spu-
tum and culture based on thermally-assisted hydrolysis and methylation, 
followed by gas chromatography -mass spectrometry (THM-GC-MS) was 
published [21]. This technique had the advantages that heat-inactivated 
bacteria were used and the only sample treatment needed was a simple spu-
tum decontamination step using NaOH. Evaporation of the solvent and the 
addition of reagent and pyrolysis could all be performed automatically in the 
programmed injector of the GC-MS instrument. This provides a significant 
advantage over LC and conventional GC where sample preparation is a large 
part of the hands on time [13, 22, 23]. We found the combination of tu-
berculostearic acid (TBSA) and hexacosanoic acid (C26) was insufficient to 
identify correctly the presence or absence of MTB in sputum samples from 
patients in Vietnam with suspected tuberculosis [21]. Mycocerosic acids have 
been used for the identification of MTB in early cultures of sputum [24]
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and for the direct detection of MTB in sputum [25] with unsatisfactory re-
sults when used for sputum, probably because certain mycocerosic acids are 
shared by MTB and NTM [26–28]. Loots and coworkers used GC-MS and 
a metabolomics approach for the identification of MTB, M. bovis, M. avium 
and M. kansasii in cultures [29].
The THM-GC-MS analysis yields very complex chromatograms for both 
MTB and NTM. Multivariate classification models offer the potential of find-
ing metabolites that can act as potential biomarkers to distinguish between 
the two types of mycobacteria. Partial Least Squares Discriminant Analysis 
(PLSDA) offers a well-established approach for supervised pattern recogni-
tion [30]. One possible pitfall of PLSDA as a tool for metabolite discovery is 
the possibility of overfitting, leading to over-optimistic model performance 
[31]. To avoid this problem, the double cross-validation strategy can be used 
[32]. Permutation tests can be used to check the significance of the model 
[31]. This ensures that the class separation that is obtained is not due to 
chance correlations. With all these tools, a multi-compound model can be 
constructed. One of the drawbacks of chromatographic data is their lack of 
inter-laboratory reproducibility of these data. If the potential biomarkers 
are chemically identified, then the model can be tested in other laboratories 
and adjusted for local conditions and strains of mycobacteria.

To date, there is no test incorporating a single biomarker or a combination 
of small numbers of biomarkers that will reliably differentiate MTB from 
NTM. A combination of larger numbers of biologically relevant biomarkers 
may yield more accurate results and that is what we study here using THM-

GC-MS and PLSDA. We used early cultures of mycobacteria in this first 
step towards the direct identification of these bacteria in sputum using a 
hand-held portable device.

3.2 Materials and Methods

3.2.1 Culture of mycobacteria

Mycobacterial strains were obtained from the TB National Reference Centre

(RIVM Bilthoven, The Netherlands) and the Biomedical Research depart-

ment of the Royal Tropical Institute (Amsterdam, The Netherlands). The
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strains were cultivated in 15 mL Middlebrook 7H9 medium supplemented

with OADC (oleic acid albumin dextrose and catalase, Becton Dickinson,

Detroit, MI, USA) and incubated between 35 and 37◦C in a gyratory shaker

at 100 rpm for 2-3 weeks. The mycobacteria were killed by heating for 20

min at 80◦C. The suspensions were centrifuged at 16,000 g for 20 min at 4◦C.

The bacterial pellet was washed twice with deionized water. Mycobacterial

suspension with a McFarland turbidity between 2 and 3, approximately equal

to 6 x 108 and 9 x 108 bacteria/mL, were made in water and once checked by

microscopy. We used 15 mycobacterial isolates belonging to the MTB and

29 NTM isolates (Table 3.1).

Table 3.1: Summary of studies in the headspace analysis of my-
cobacterial cultures

M. tuberculosis complex Non-tuberculous mycobacteria
M. tuberculosis 210 M. tuberculosis 215 M. avium 12 M. kansasii 1 M. gastrii 1
M. tuberculosis 211 M. tuberculosis 45 M. avium 1 M. kansasii 2 M. duvali 1
M. tuberculosis 212 M. tuberculosis 79 M. avium 2 M. marinum 3 M. lufu 2
M. tuberculosis 213 M. tuberculosis 1 M. gordonae 4 M. flavescens 1 M. terrae 1
M. tuberculosis 124 M. africanum 1 M. gordonae 6 M. chelonae 3 M. terrae 2
M. tuberculosis 132 M. bovis- BCG 1 M. intracellulare 1 M. fortuitum 1 M. ulcerans 1
M. tuberculosis 15 M. bovis 2 M. intracellulare 3 M. gadium 1 M. ulcerans 2
M. tuberculosis H37RV 2 M. malmoense 1 M. segmatis 1 M. vaccae 3

M. scrofulaceum 1 M. smegmatis 2 M. xenopi 1
M. nonchromogenicum 1 M. smegmatis 3

3.2.2 Standards and reagents

The 25% tetramethyl ammonium hydroxide (TMAH) solution in methanol

used in the thermally assisted hydrolysis and methylation experiments and

the tuberculostearic acid (TBSA) were obtained from Sigma–Aldrich (Zwijn-

drecht, The Netherlands). The TMAH solution was 10x diluted with deion-

ized water before use.

3.2.3 Instrumentation

All THM–GC–MS experiments were carried out on a Shimadzu GCMS-

QP2010 (Den Bosch, The Netherlands). The GC system was equipped with a

"Focus" XYZ robotic auto sampler (ATAS GL) and an Optic 3 programmed

temperature vaporizing (PTV) injector (ATAS GL, Eindhoven, The Nether-

lands). The PTV injector was equipped with an electronic gas control (EGC)
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unit to supply the carrier gas, septum purge and the split flow. The 
PTV injector contained a sintered-bed liner (ATAS GL) to allow large 
volume injection.

3.2.4 Automated THM-GC-MS procedure

The automated THM procedure was performed in the Optic 3-PTV injector.

Fifteen µL of each mycobacterial suspension containing approximately 6-9 x

108 bacteria/mL was injected into the PTV injector at 40◦C. The injector was

then quickly heated to 120◦C for 3 min to eliminate water while retaining

the sample in the sintered-bed liner inside the injector. After cooling the

injector to 40◦C, 20 µL of the 2.5% TMAH reagent was injected to cover

the whole bacterial sample. Subsequently, the injector was heated to 120◦C

for 2 min to remove the solvent and incubate the residue present in the

sintered-bed of the liner. The injector was then increased to 450◦C to perform

thermochemolysis. After 5 min the injector temperature was decreased to

320◦C where it was kept until the end of the GC run. During injection and

solvent elimination the column flow was set at 0.7 mL/min; the split flow

was set at 200 mL/min to prevent excessive volumes of water vapor from

entering the GC column. After incubation, the column flow was increased

to 1.2 mL/min and the split flow was reduced to 10 mL/min to transfer the

methylated compounds to the GC column.

All GC analyses were performed on a TC 5MS column (GL Sciences) of

30 m x 0.25 mm internal diameter, coated with 0.25 µm of a 5% phenyl-

methylpolysiloxane stationary phase. Helium was used as carrier gas. The

separation was performed by starting the GC oven at 40◦C for 3 min, followed

by a first ramp of 20◦C/min to 100◦C with a hold of 7 min, and then a second

ramp of 5◦C/min to 320◦C with a final hold of 6 min. The MS was operated

in the full scan mode collecting spectra at a rate of 5 Hz over the mass window

from 60 to 500 amu. The sensitivity of the MS detector was checked every

3 days using the TBSA standard. The ion source was cleaned if sensitivity

was found to be reduced by approx. 30% or more. The liner was replaced

every 30 runs. After each sample, a blank (Milli-Q water) was run to test

for carry over from the previous run.
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3.2.5 Software

Before data analysis, corresponding peaks, i.e. corresponding retention time/-

mass pairs from the raw chromatograms first had to be aligned. In other

words, any given compound had to be present at exactly the same time

point in all chromatograms. Alignment was done using the MetAlign soft-

ware [33]. Parameter selection for the MetAlign program was based on the

guidelines described by Peters and coworkers [34]. In the parameter selec-

tion, the maximum shift allowed for the window of the peak search was

regarded as most relevant. To minimize alignment issues, it was necessary to

keep retention times extremely stable and so all samples were run during a

short time period. Despite this, small time shifts caused by accumulated dirt

in the GC-MS system were difficult to avoid. Through the rather frequent

replacement of the injector liner variations could be kept at an acceptable

level, i.e. a level MetAlign could cope with.

The GC-MS chromatograms were exported to *.cdf format and submitted

to MetAlign for data pre-treatment (alignment and feature extraction). The

following parameters were used for the settings of MetAlign software: Peak

Slope Factor: 1; Peak Threshold factor: 2; Regions: 100/200; Alignment: It-

erative; Maximum shift per 100 scans: 35; Minimum Factor: 5/2; Minimum

number of masses: 10/5.

We used the ‘iterative’ strategy for the MetAlign software, which requires the

user to select input parameters for the calculation of the so-called chromato-

graphic shift profiles. By applying these settings, the outcome of MetAlign

was a table containing around 45,700 pairs of retention times and m/z values

with their abundances for the 44 mycobacterial strains. All aligned datasets

were then exported in ASCII-format for further processing (PLSDA mod-

eling and variable selection) in Matlab 7.1 (The Mathworks, Natick, MA,

USA).
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3.3 Results

3.3.1 Visual inspection of chromatograms obtained

A representative example of a few chromatograms is shown in Figure 3.1. The

THM-GC-MS chromatograms from the 15 MTB complex strains showed con-

siderable similarity in terms of the largest peaks present, but there was some

variation in the heights of the individual peaks as shown in Figures 3.1A

and 3.1B. Our method gave a relative standard deviation of <7% (n=5)

for compounds with high abundance. Compounds with a low abundance

gave a higher relative standard deviation in the range of 10% and 20 %.

We used 29 strains from 20 different NTM species. Figures 3.1C and 3.1D

show the total ion chromatogram (TIC) of M. avium 1 and M. kansasii 1,

two representative examples of the NTM group. Significant differences were

seen in the individual chromatograms within the NTM group. In contrast,

there was considerable similarity between some NTM and certain MTB chro-

matograms, for instance the NTM M. kansasii, M. gastri, M. avium 12 and

M. avium 1 had peak profiles similar to all MTB strains in the retention

time region from 37 min to 50 min.

3.3.2 PLSDA modeling and model performance estimation

In order to select the relevant metabolites, we initially tried principal com-

ponent analysis (PCA) and univariate methods. The classes are completely

overlapping in the PCA space. Among the univariate methods, the Fisher

ratios method was selected, which consists of a strategy for identifying com-

pounds or features that differ between two groups [35]. Based on the re-

sult from the Fisher ratio evaluation, TBSA and C26 were found to be

the most discriminative biomarkers for differentiation of MTB from NTM.

However, from the dataset it was clear that these compounds are not suffi-

ciently discriminatory to distinguish the two mycobacterium groups. More

advanced chemometric methods were clearly essential for correct classifica-

tion, so we moved to multivariate data analysis techniques. Among other

methods, Partial Least Squares Discriminant Analysis (PLSDA) constitutes
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Figure 3.1. Total ion chromatogram of cultures obtained by THM-
GC-MS of A: MTB 211, B: MTB 215, C: M. avium 1, D: M. kansasii

1
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a well-established approach for supervised pattern recognition [30] with mul-

tivariate analysis.

To set up our multivariate strategy, the aligned dataset, a matrix containing

∼45,700 features, (i.e. variables), and 44 samples (i.e. objects), was submit-

ted to PLSDA. The first step was to check for outliers. It was evident from

the scores of the model and the leave-one-out cross-validated results that two

samples (M. duvali 1, and MTB 212 ) were outliers, invalidating the whole

procedure. Dubious labeling and misalignment were the most likely causes

of this. These samples were then excluded from the PLSDA study but they

were retained in the final model using compounds, since that model was more

robust against misalignments.

Before the computations, the matrix was first row-normalized (the values of

each row were divided by the sum of all the values in that row). This was

done to minimize the effect of sample heterogeneity. Autoscaling was not

applied to avoid increasing the importance of noise in the chromatograms.

The matrix involving the remaining 42 samples was submitted to the PLSDA

method with double cross-validation. [32]. This was done to avoid overfit-

ting: a possible pitfall of PLSDA as a tool for metabolite discovery, leading

to over-optimistic model performance [31]. The significance of the model

can also be checked by doing permutation tests (see next subsection). This

ensures that the class separation obtained is not due to chance correlations.

With all these tools, a multi-compound model can be constructed. For the

double cross-validation methodology, we randomly selected a fraction (30%)

of the data set as test set (keeping the proportion of MTB to NTM the same

as in the original data set). The remaining data set (validation + calibra-

tion data set) was submitted to PLSDA with 10-fold cross-validation, using a

Monte-Carlo with 25 repetitions for the validation procedure. At each repeti-

tion, the optimal number of latent variables was automatically selected using

the procedure published elsewhere [36]. The model performance (the area

under the curve after a ROC analysis, AUROC) [37] was calculated using

the test set. By repeating this procedure 500 times, an average of the β-

coefficients was obtained, as well as an estimation of the model performance

(i.e., AUROC) and its distribution using an independent test set.
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3.3.3 Permutation tests

The significance of the classification model was checked using a permuta-

tion test. This was performed by randomly permuting the labels (MTB or

NTM) of the original data set, and performing all the operations described

in section 3.3.2. Labels were re-permuted each time step 1 was repeated (i.e.

permutations were performed 500 times). Figure 3.2 shows the values of AU-

ROC obtained with the non-permuted model (hatched histogram) and with

the permuted model (plain histogram). It is clear that the non-permuted

model yielded significantly higher values of AUROC compared with the per-

muted model. Also, the AUROC value of the permuted model was around

0.5 (which corresponds to a random model).

3.3.4 Feature selection

The feature selection was performed following the procedure applied by Quin-

tás and coworkers [38]. For each of the ∼45,700 variables, a univariate t-test

was performed to check the validity of the null hypothesis, H0: βnp = βn

against the alternative hypothesis, H1: βnp 6= βp, where βnp and βp are

the coefficients of the model in the non-permuted model (section 3.3.2) and

the permuted model (section 3.3.3), respectively. A first pre-selection of the

potential biomarkers was performed selecting half (∼24,000) of the origi-

nal number of variables that yield a lower p-value in the t-test. After this

pre-selection, the whole procedure (sections 3.3.2 and 3.3.3) was repeated,

keeping only the best 536 features. In each loop, the AUROC of the model

was checked against the AUROC of the permuted model, and it was found

that the non-permuted model was always significant vs. the permuted model.

When the model reached 536 features, the feature reduction was performed

with extra care. The reduction was performed withdrawing each time only

the less significant feature, (the one having the highest p-value in the t-test).

The model was fitted again, repeating each time the study performed in

sections 3.3.2 and 3.3.3. The variation in AUROC was monitored against

the number of features (see Figure 3.3). As can be seen, the model (Figure

3.3, solid line) was still stable (high values of AUROC) till around ∼250
features (Figure 3.3, arrow). Models with a lower number of features started
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Figure 3.2. Histograms of the AUC for both permuted and non-
permuted data with all the features. Clear bars correspond to permuted

labels, hatched bars correspond to non-permuted labels.

Figure 3.3. Decreasing of AUC as a function of the number of fea-
tures with the non-permuted model (solid line) and the permuted model

(dots).

to yield a decrease in performance. On the other hand, the permuted model

(Figure 3.3, dots) always yielded AUROC values around 0.5 (which is the

performance of a random model).
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Figure 3.4. Part A depicts the chromatogram of MTB 15, highlighting
the peaks corresponding to the 20-compounds model. The labels in
part A correspond to the labels in Table 3.2. Part B: values of the β-
coefficients of the PLSDA model for the 250-features model, together
with their standard deviation. Part C: zoom in of a certain region of
part B, with the values of the m/z values of the features overlaid. Note
the correspondence between the 250-features model (part B) and the

20-compound model (part A).

3.3.5 Transitioning from feature model to compound model

Figure 3.4B depicts the beta coefficients of our 250-features model, together

with their standard deviation obtained with the procedure explained in sec-

tion 3.3.4 (repeating the model fitting 500 times). One should note that

each feature refers to a retention time/mass pair. Several retention time/-

mass pairs can refer to the same compound, since the alignment procedure

is never a perfect process and the compounds can give multiple mass frag-

ments. This is more obvious on detailed inspection of the retention time

/mass pairs, see Figure 3.4C. In this panel, the m/z values for each feature
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inside the zoom-in region are overlaid. It is evident that the features labeled

‘p’ and ’q’ in Figure 3.4C that elute shortly after 40.16 min with marginally

different retention times, correspond to the same compound.

It is obvious that a model built only with these chromatographic features

would be unstable and subject to changes in laboratory/operator/instru-

mentation and variations over time. If such a model was used, any new

chromatogram would have to be aligned with the chromatograms used to

build the model as a reference. Misalignments performed in slightly different

way as "p" and "q" clusters (shown in Figure 3.4C) would have catastrophic

consequences. One way to circumvent this problem would be to identify

the compounds that point to the β-coefficients (Figure 3.4B), and build a

robust model using (known-) compound abundances. The compounds re-

sponsible for the specific features of interest would need to be identified.

We did this by library searching, manual interpretation of the spectra and

consideration of the elution characteristics. The list of 250 features was

studied and interpreted to produce the 20 potential biomarkers shown in

Table 3.2. Fatty acids predominate among these biomarkers and include

long chain multi-methylbranched fatty acids known as mycocerosic/myco-

ceranic acids. Their identities are somewhat tentative because the vari-

ous long chain fatty acids have very similar spectra making identification

difficult. A trehalose-containing sugar, [O-α-D-glucopyranosyl-(1→1)-α-D-

glucopyranoside was also found.

The 20 compounds finally considered are overlaid in Figure 3.4A, together

with a sample chromatogram of MTB 15. As can be seen, both lists (β-

coefficients and compounds) do not fully correspond. For example, some

significant features were found at the beginning of the chromatogram (at re-

tention times between 10 and 15 min). However, we decided not to consider

any biomarker in this region, because of the difficulties involved in finding

peaks in this region and identifying the compounds by their mass spectra.

This, together with the fact that many compounds gave multiple fragments,

resulted in significantly fewer real compounds than the number of retention

time/mass pairs.

The values of the β-coefficients are given in the Table 3.2. To classify an

unknown sample, the GC-MS chromatogram should be processed to get the

peak areas corresponding to our 20 compounds at a specific mass for each

compound. Then the areas should be normalized to have a total sum of 1,
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Figure 3.5. Part A: the AUROC for the non-permuted (hatched bars)
and permuted (clear bars) compound models. Part B depicts the ROC
curve for the compound model. The values of the threshold for the

classification model are overlaid. For details, see section 3.3.5.

Table 3.2: Compounds identified as relevant for distinguishing
MTB1 complex from NTM2 using THM-GC-MS3

No. Retention Name of compounds m/z Beta-
time (min) coefficients

1 25.01 Methyl tetradecanoate (C14) 74 3.305
2 29.07 9-Hexadecenoic acid, methyl ester 83 0.863
3 29.48 Hexadecanoic acid, methyl ester (C16) 87 1.634
4 30.75 1-Nonadecene 97 1.278
5 31.40 Heptadecanoic acid, methyl ester (C17) 74 -2.819
6 32.75 9-Octadecenoic acid (Z)-, methyl ester 69 1.153
7 33.33 Octadecanoic acid, methyl ester (C18) 298 -0.712
8 34.02 Octadecanoic acid, 10-methyl-, methyl ester(TBSA) 312 0.034
9 36.50 α-D-Glucopyranoside, 2,3,4,6-tetra-O-methyl- 71 -1.112

α-D-glucopyranosyl 2,3,4,6-tetra-O-methyl
10 40.17 Docosanoic acid, methyl ester (C22) 354 0.942
11 43.22 Tetracosanoic acid, methyl ester (C24) 382 3.563
12 43.94 Unknown fatty acid 88 -0.58
13 44.09 Tetracosanoic acid, 2,4,6-trimethyl-, methyl ester (C27) 101 2.966
14 44.23 Tetracosanoic acid, 2,4,6,8-tetramethyl-, methyl ester (C28) 101 2.961
15 44.70 Pentacosanoic acid, methyl ester (C25) 87 -0.965
16 37.12 Hexacosanoic acid, methyl ester (C26) 410 -6.948
17 37.88 Hexacosanoic acid, 2,4,6-trimethyl-, methyl ester (C29) 101 -2.025
18 47.01 Hexacosanoic acid, 2,4,6,8-tetramethyl-, methyl ester (C30) 101 -1.935
19 49.55 Octacosanoic acid, 2,4,6,8-tetramethyl-, methyl ester (A)4 (C32) 101 -0.899
20 49.66 Octacosanoic acid, 2,4,6,8-tetramethyl-, methyl ester (B)4 (C32) 101 -0.705
1MTB complex, M. tuberculosis complex
2NTM , Non-tuberculous mycobacteria
3THM-GC-MS, Thermally assisted hydrolysis and methylation gas chromatography-mass spectrometry
4A and 4B C32 mycocerosates, Two isomers of C32 mycocerosates

after which the following equation should be applied: V = Σ20
i=1βiai, where

βi are the coefficients provided in Table 3.2 and ai are the normalized areas

for the 20 compounds as measured from the target m/z fragment. The value

of V should be compared with the threshold values overlaid in Figure 3.5B.

To determine this threshold value, the user should decide a certain value of

the false positive rate (the percentage of NTM samples that will be wrongly
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classified as MTB) in the ROC curve depicted in Figure 3.5B. Note that

the ROC curve dictates a relationship between the false positive rate and

the true positive rate (the percentage of MTB samples correctly classified as

MTB). Therefore, a decision on the false positive rate implicitly establishes

a value for the true positive rate. Once the false positive rate has been set,

a threshold value is obtained (overlaid in Figure 3.5B). When the value of V

is below this threshold value, then the sample is classified as a MTB, if it is

above the threshold value, then the sample is classified as a NTM. For cases

where the sensitivity and specificity are equally important, the threshold

value for V is 0.55. The accuracy of the model (with validated results) then

turns to be 95%, both sensitivity and specificity are 95%.

3.3.6 Validation of the compound model

To test the performance of the (final) compound model, the raw chromatograms

for the 44 samples were re-considered and the normalized areas of the chro-

matographic peaks of the key 20 compounds (Table 3.2) were measured.

Then, a PLSDA model was built using the procedure described in sections

3.3.2 and 3.3.3, now using peak areas of the identified compounds as pre-

dictor variables, rather than the chromatographic features of the pre-treated

data. Figure 3.5 depicts the AUROC for the non-permuted and permuted

models (part A), as well as the ROC analysis for the non-permuted model

(part B). As can be seen, the results of the 20-compound model are even

more significant than those of the ∼45,700 features model (compare Figures

3.2 and 3.5A). The analysis of the ROC curve yields an accuracy (measuring

the total number of misclassifications over the total number of samples) of

95%.

3.4 Discussion

We have shown here using our THM-GC-MS method that a model consist-

ing of 20 compounds can be used to differentiate with an accuracy of 95%

between mycobacteria belonging to the MTB and NTM in early cultures.

From the previous work, we know that the method can be used to identify
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mycobacteria directly in sputum with a detection limit similar to microscopy 
of 1 x 104 bacteria/mL [21]. Before embarking on clinically relevant testing 
based on biomarkers in patients with suspected mycobacterial infections, it 
is necessary to have identified those biomarkers that differentiate the two 
types of mycobacteria. Initially we used PCA and Fisher ratio but we were 
unable to distinguish between MTB and NTM strains. Therefore we decided 
to search for biomarkers in an untargeted way. We have shown that a single 
compound or combination of only a few compounds is insufficient, but that 
a combination of 20 compounds is able to differentiate MTB from NTM. 
Our method for deriving biomarkers is comparable to that of Olivier and 
Loots who use GC-MS measurement of 12 metabolite markers [29]. The 
Olivier and Loots method uses a modified Bligh-Dyer extraction followed by 
methylation under basic conditions and hexane extraction. Our method has 
the advantage that no sample preparation is needed and the robotics deal 
with heat inactivation and suspension of the mycobacteria and their injection 
with the reagent, making the method user-friendly. The time needed to run 
one sample and the blank (deionized water) to control for carry over from 
the previous run is 2 hours. The samples can be run overnight. The operator 
time is limited to less than 5 minutes per sample for sample preparation and 
calculation of the peak areas of the 20 compounds. The relatively complex 
technology and sophisticated analysis is necessary at this stage to ensure that 
only biomarkers of relevance are reliably and reproducibly identified. Such 
biomarkers can then be used in the development of simpler, rapid tests for 
diagnostic purposes.
In the current study we included 15 strains belonging to MTB and 20 dif-
ferent species of NTM with more than one isolate from 5 common strains of 
NTM. Our work has provided new insights in the variation in the levels of 
relevant biomarkers and the importance of testing a variety of strains from 
different species. The strains of NTM vary depending on the geographical 
setting [3, 17, 39–41]. We have found there is considerable variation in the 
THM-GC-MS pattern within strains of MTB and NTM. Olivier and Loots in 
their work with GC-MS distinguished M. kansasii, M. avium, M. bovis and 
MTB from each other using pattern recognition and just one isolate from 
each species grown in culture [29]. There is a potential for misinterpreta-

tion or false confidence if only one strain is used to derive a biomarker. We 
show that the pattern of mycoerosates in M. kansasii can be very similar 
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to that in MTB (see Figure 3.1). Our findings could explain the low sensitiv-
ity and specificity found by O’Sullivan and coworkers using THM-GC-MS 
when only mycocerosates were used for the identification of MTB in sputum 
[25]. The geographical variation in mycobacterial composition means that 
multiple strains of both MTB and NTM from the setting where the test will 
ultimately be used should be included when building a model of relevant 
biomarkers. An important aspect of our work is that because we have identi-
fied each of the biomarkers, we can assess whether they are logical and likely 
to have biological relevance. The previous paper [21] showed that TBSA and 
hexacosanoic acid (C26) can be used for the direct identification of mycobac-

teria in sputum. These two biomarkers were again found in the present work. 
TBSA is a well-known biomarker for mycobacteria while C26 is formed as a 
thermal degradation product of mycolic acids present in the cell wall of MTB 
[42]. Mycocerosic acids have been found in MTB and some NTM such a M. 
kansasii, M. marinum, M. gastrii, M. ulcerans, [26–28, 43, 44]. The trimethyl- 
and tetramethyl-branched fatty acids detailed in Table 3.2 have been found to 
be abundant in the lipid fraction of MTB [45]. Compounds 17-20 (Table 3.2) 
have been found in MTBs with compounds 19 and 20 being especially 
informative [25, 43, 46]. These specific mycocerosic acids were also found in 
our PLSDA method as important markers for the differentiation of MTB and 
NTM. O’Sullivan and coworkers used the compounds designated 17-20 in 
Table 3.2 for the direct detection of MTB in sputum with a sensi-tivity of 65% 
and a specificity of 76% [25]. It is of interest that 4 of our com-pounds C17, 
TBSA and two isomers of C32 (see Table 3.2, compounds 5, 8, 19, 20) were 
also found to be relevant biomarkers by Loots and coworker [29], and that 
strengthens our findings. We also found the trehalose-containing sugar, [O-α-

D-glucopyranosyl-(1→1)-α-D-glucopyranoside] to be useful for distinguishing 
MTB from NTM. Trehalose is a component of toxic cell-wall glycolipids 
and it has been suggested that it is required for the maintenance of 
mycobacterial  cell integrity in response to external stresses [47].

In conclusion, our THM-GC-MS method provides a fast and reliable method 
for the differentiation of MTB and NTM bacteria after culture with an ac-
curacy of greater than 95%. The markers identified using advanced chemo-

metrics make sense from the biological point of view. Future studies will 
include the further validation of the model using MTB and NTM isolates in 
MGIT culture tubes from an endemic setting such as South Africa and the
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identification of MTB or NTM directly in sputum from patients suspected

of TB. Our method is not intended to match the simplicity and accuracy

of the lateral flow tests (Capilia, Bioline), nucleic acid amplification tests

(Hain, or Innolipa) and 16s rRNA sequencing test for the differentiation of

mycobacteria in culture into NTM and MTB, or even speciation in the case

of the amplification and sequencing tests. Instead, we have been able to

construct a list of 20 potential biomarkers that have been chemically identi-

fied. We can now proceed to the next step which is to develop a portable,

near-patient device incorporating miniaturized GC-MS for the separation of

patients suspected of TB into three groups: those with TB, those with an

NTM infection and those without a mycobacterial infection.

3.5 Conclusions

Our advanced chemometric approach together with our THM-GC-MS method

provides a fast and reliable method for the differentiation of MTB and NTM

bacteria after culture with an accuracy greater than 95%. The model is very

stable allowing to reduce the list of approximately 45,700 to 250 features and

eventually to 20 biomarkers without losing model accuracy. The biomarkers

identified make a lot of sense from the biological point of view. The capac-

ity to move from a feature-based model to a compound-based model holds

considerable advantages for its transfer to other laboratories. Most of the 20

compounds are available from commercial sources allowing highly accurate

quantitative analysis. A combination of these proposed biomarkers, rather

than single biomarkers, is able to differentiate MTB- from NTM strains. Fu-

ture studies should include the further validation of the model using MTB

and NTM strains from an endemic setting such as South Africa. The final

goal of this study is to develop a micro GC and detector to differentiate MTB

and NTM directly in sputum from TB patients with a detection limit better

than microscopy.
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