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ABSTRACT

Tuberculosis (TB) remains a global public health malady that claims almost 1.8 million lives
annually. Diagnosis of TB represents perhaps one of the most challenging aspects of Tuberculosis
control. Gold standards for diagnosis of active TB (culture and nucleic acid amplification) are
sputum-dependent, however, in up to a third of TB cases, an adequate biological sputum sample
is not readily available. The analysis of exhaled breath, as an alternative to sputum-dependent tests,
has the potential to provide a simple, fast, and non-invasive, and ready-available diagnostic service
that could positively change TB detection. Human breath has been evaluated in the setting of active
tuberculosis using thermal desorption-comprehensive two-dimensional gas chromatography—time
of flight mass spectrometry methodology. From the entire spectrum of volatile metabolites in
breath, three random forest machine learning models were applied leading to the generation of a
panel of 46 breath features. The twenty-two common features within each random forest model
used were selected as a set that could distinguish subjects with confirmed pulmonary M.

tuberculosis infection and people with other pathologies than TB.



Keywords

Breath analysis; comprehensive two-dimensional gas chromatography; pulmonary tuberculosis;

machine learning; volatile organic compounds.

1. INTRODUCTION

According to the World Health Organization (WHO), Tuberculosis (TB) is among the top ten
leading causes of death worldwide [1]. TB is caused by Mycobacterium tuberculosis (Mtb), a
bacteria that most commonly infects the lungs. Active TB disease results in generic symptoms
such as cough, fever, night sweats, or weight loss, which are not specific and may be mild for
many months prior to clinical evaluation. This delay can lead to dissemination of the disease within
the population, as well as an increased risk of morbidity and mortality for the affected individual.
The gold standard for TB diagnosis requires the culturing of the bacterium from patient sputum,
where more than 80% of all TB cases are identified with a specificity of almost 100% [1,2]. In
many countries, Mtb DNA in sputum is amplified (e.g., GeneXpert MTB/RIF®), as a first step to
guide treatment decisions within three days of the patient’s clinical presentation, a process that has
been recommended by the WHO since 2010 [1]. The collection of expectorated sputum samples
is considered to be relatively non-invasive, however, for patients who cannot easily produce
sputum (such as children or individuals co-infected with human immunodeficiency virus (HIV)),
more invasive sampling approaches, including induced sputum or gastric aspirate, are required.
Therefore alternative samples that can be collected non-invasively, such as urine [3] and exhaled

breath [4], present an attractive target for future TB diagnostics [5].

The evidence that diagnostic volatile molecules are produced during Mtb infection come from
studies using rats that correctly sniffed and classified over forty thousand sputum samples
originating from over ten thousand individuals [6]. The biomarker(s) that the rats are detecting
remain unknown, although the signal is almost certainly olfactory, suggesting that the molecules
exist in the gas phase at ambient temperature. Several studies have investigated the volatile
molecules produced in breath during lung infection with M. tuberculosis using gas-
chromatography mass-spectrometry (GC-MS) [7-11]. Each of these studies report different sets of
marker compounds, possibly due to patient heterogeneity (including co-morbidities) as well as



different stages of pathogenesis. Indeed, volatile organic compounds (VOCs) possibly produced
by Mtb may be released or modified by the host at different times [12] and they may be present at

low concentration [11].

Comprehensive two-dimensional gas chromatography (GCxGC) is a good candidate for enhanced
biomarker discovery due to the increase in peak capacity and sensitivity (when a cryogenic
modulator is used) compared to a monodimensional GC. The GCxGC system employs two
orthogonal mechanisms to separate the constituents of the sample within a single analysis by using
two columns coated with different stationary phases. Sensitivity and limits of detection are
improved due to focusing of the peak in the modulator and separation of analytes from chemical
background compared 1D-GC [13]. In 2006, Libardoni used for the first time a GCxGC system
coupled to flame ionization detector (FID) to human breath collected in a multi-bed thermal
desorption (TD) trap [14] and in the same year, Sanchez developed a similar TD-GCxGC method
coupled to Time-of-flight mass spectrometer (ToFMS) [15]. Since then, GCxGC methodology
was used to analyze human breath in several studies [16-18]. The number of volatile molecules
detected by GCxGC-MS for breath analysis is generally 8-10-fold higher compared to mono-
dimensional GC-MS [16-17]. Moreover, TOFMS technology has several advantages, such as, full
mass spectra acquisition at trace level sensitivity and mass spectral continuity, which allows for

deconvolution of spectra of co-eluted peaks [19].

The aim of this pilot study was to assess the capability of GCxGC-(ToF)MS methodology for
discriminating between subjects with confirmed pulmonary Mtb infection and people no Mtb
infected using their breath. To the best of our knowledge, GCxGC-(ToF)MS has never previously

been employed to study pulmonary TB via the analysis of exhaled breath in humans.

2. EXPERIMENTAL
2.1 Patient demographics and tuberculosis infection confirmation

A total of 34 individuals, including 14 with active pulmonary TB and 20 with sexually transmitted
infections (STI) (female in reproductive age with no-TB symptom/infection) as control group,
presenting to GHESKIO Clinical Center (Port-au-Prince, Haiti) between September and October

of 2016 were included in the present study. Sputum samples were collected following WHO



guidelines [20]. An Institutional Review Board at the collaborating site approved the research. All
subjects gave their signed informed consent to participate and were at least 18 years old. All
patients classified as TB-positive lung disease had both a positive acid-fast bacillus testing and
GeneXpert MTB/RIF® result. Patient demographic information is reported in Table 1.

<insert Table 1>

2.2 Materials and analytical instrumentation
One liter Tedlar bags (SKC Inc, Eighy Four, PA, US) were used for the collection of breath [22].

A three-bed TD tube containing Carbopack Y, X, and Carboxen 1000 (Supelco, Bellefonte, PA),
a sorbent combination previously optimized for the collection of a wide range of breath molecules,
was used to concentrate and store volatile molecules [15]. TD tubes were desorbed in a Pegasus
4D (LECO Corporation, St. Joseph, MI) GCxGC-ToFMS instrument with an Agilent 7890 GC
equipped with a TDU, CIS, and MPS autosampler (Gerstel, Linthicum Heights, MD). Solvent
venting time: 10 min (30°C; 60 mL/min); cryofocusing time: 5 min (-100°C), sample desorption
time: 180s; CIS temperature: 330°C; injection mode: splitless. Chromatographic analysis was
performed using a Rxi-624Sil (60mx250pmx1.4um) as 'D-GC column and a Stabilwax
(1.5mx250pmx0.5um) as 2D-GC column, both purchased from Restek (Bellafonte, PA, US).
Modulation time was 2 sec total and helium as carrier gas (flow-rate: 2 mL/min). For detecting
breath molecules, a TOFMS was employed, with the following parameters: electron impact at 70

eV; acquisition range: 30-500 m/z; acquisition rate: 200 spectra/s; ion source temperature: 200°C.

2.3 Breath and room air sampling

Briefly, before breath collection, patients and volunteers rinsed their mouth with water and exhaled
normally for 1-2 sec into the room. Before breath collection, all bags were thoroughly flushed with
high purity nitrogen gas to remove residual contaminants [21]. Subjects exhaled normally into a

1L-Tedlar bag via a mouthpiece and exhaled breath was sorbed onto a TD tube hermetically sealed



and stored until further analysis, as previously reported [22]. Room air was also collected in the

Same manner.

2.4 Chromatographic alignment and feature identification

Baseline correction and peak picking of all acquired data files were carried out using ChromaTOF
software. All processed data files (n = 44: 34 breath samples + 10 room air samples) were first
aligned on the basis of retention times and mass spectral matching using statistical compare feature
of ChromaTOF. Tentative identification of the molecules was carried out by NIST library search
(NIST library 2011). Peaks with at least signal-to-noise (S/N) > 50 (S/N > 20 for sub peak) and a
forward match score > 850/1000 for putative peak identification were required and a score >
700/1000 to match the peaks. The maximum retention time difference was set at 2 s in the first

dimension and 0.2 s in the second dimension.

2.5 Multivariate analysis

All statistical analyses were performed with R software version 3.3.2. Peaks eluting before 350 s
were removed from the peak table. Prior to statistical analysis, breath and room air samples were
normalized by Probabilistic Quotient Normalization [23]. Peak intensities were (1) log-
transformed, (2) mean-centered, and (3) unit-scaled. For the identification of discriminatory
features between TB-positive and TB-negative samples, the random forest (RF) classification
algorithm was used [24]. This machine learning method constructs numerous de-correlated
decision trees to classify samples. Features were selected as discriminatory if they were ranked in
the top 100 in 80 % of RF iterations of 1,000 trees, based on their mean decrease in impurity.
Principal components analysis (PCA) [25] was used to visualize the variance between samples in
the data set. Feature significance was tested using the Mann- Whitney U-test [26], with Benjamini-

Hochberg correction [27]. A significance level of p <0.05 was selected.

3. RESULTS AND DISCUSSION

3.1 Composition of exhaled breath



Across the 34 breath samples analyzed, a total of 2,549 features were detected. Contaminants and
artifacts (e.g., siloxanes, phthalates) were removed when identified with a spectral similarity >
850/1,000 relative to the NIST 2011 library [28]. Each feature with a similarity score < 850 was
manually checked and deleted when associated with a contaminant or artifact, resulting in a
reduction to 1,513 features. The matrix obtained was further reduced using different frequency of
observation (FOO) cutoffs where: features present in at least 20 % (n = 1228), 50 % (n = 792), and
80 % (n = 515) of samples within one class were retained for statistical evaluation. A two-class
(TB-positive versus control) RF analysis [24] was applied for each set of FOOs. Features were
defined as discriminatory if they ranked in the top 80/100 features (as defined by their mean
decrease in impurity) in every RF iteration. Twenty-nine, 35 and 39 features were selected as
discriminatory through RF classification, for 20%, 50%, and 80% FOO cutoffs respectively,
obtaining a panel of 46 features. Twenty-two out of these 46 features were found to be in common
for each model and selected for further statistical evaluation. Figure 1 reports (a) a step-by-step
schema for feature reduction, (b) Venn diagram of the distribution of 46 features in three RF

models with 22 features in common, and (c) chemical class of a panel of 46 features.

<insert Figure 1>

3.2 Breath evaluation and selected molecules

Across the breath samples, a wide range of chemical classes were identified, with hydrocarbons
being the most commonly-identified chemical class in human breath, as reported previously [7-
11,14-18,29]. The panel of 46 features obtained after different FOO and 80/100 RF cutoffs (Figure
1a), consisted mostly of hydrocarbons (52%), followed by aromatics (11%), halogen-containing
compounds (9%), sulfur-containing compounds (7%), ketones (5%), and nitrogen-containing

compounds (4%). Alcohols, aldehydes, esters, and unknowns represented < 2% each.

Of the 46 discriminatory features identified in the three RF models, 22 human breath features were
in common to all three FOO cutoffs, and eight of these were assigned a putative identity. Bubble

plot of the 22 selected features as discriminatory, representing the two-dimensional GC separation



in human breath according to their retention times in D- and 2D-GC columns, is reported in Figure
2.

<insert Figure 2>

One of these compounds was previously reported as a TB-associated human breath biomarker: 2-
butyl-1-octanol [8], while five (benzene, 3-methyl-thiophene, 2-4-dimethyl-hexane, 2,3-dimethyl-
heptane, methacrolein), have been previously reported by GC(xGC)-MS in humans as breath
molecules [18,29]. Methanesulphonylchloride has been detected in healthy humans as a volatile
molecule produced by skin, but never in human breath [29]. To the best of our knowledge, 4-ethyl-
5-methyl-nonane has not been previously reported as human breath molecule, although high
resolution MS and/or the utilization of pure standards would be needed for the confirmation of

molecule’s identity.

The ability of volatile metabolites to discriminate between TB-positive and TB-negative subjects
was assessed using RF. A two-class supervised RF was used to select volatile biomarkers and then
an unsupervised RF proximity model (TB-positive versus TB-negative versus room air) was
created on the discriminatory volatiles selected from the two-class model [30]. The proximities

from the unsupervised RF were used to plot a PC score plot (Figure 3).

<insert Figure 3>

In the PC scores plot generated from unsupervised RF proximities, room air samples are shown to
cluster together, while TB-positive samples showed the highest variance, and one sample is spread
near to the TB-negative samples (Figure 3). TB negative subjects are tightly clustered in the PC

space.

Figure 4 reports the expression of the 22 discriminatory breath molecules in TB positive and
negative classes. The bar color represents logio of the difference of the normalized area of the



average of each discriminatory molecule used between TB positive and negative population. For
each feature, a putative compound identification or chemical class assignment, when the
identification was not possible, is reported. Feature 20 (2-buthy-1-Octanol) was the most expressed
in the breath of TB positive population and was detected in 85% of this group (12/14), while only
in 50% in control group (10/20). This breath molecule was previous reported by Phillips et al [8]
as possible biomarker in human Mtb infection. The hydrocarbons were more abundant in the
control group, except for feature 21. Feature 15 (alcohol) was most abundant in TB positive group,
although it was observed in 57% (8/14) of this group against in 100% of the control group (20/20).
Feature 22 (halogen containing molecule) was more often observed in the exhaled breath of control
group (19/20) relative to the TB-positive study group (9/14). The other features were observed in
least at 95% of samples in both populations.

<insert Figure 4>

4. CONCLUSION

This work is a preliminary step of a larger project evaluating the use of breath for the identification
of TB lung pathologies. To the best of the authors’ knowledge, for the first time human breath has
been evaluated in the setting of TB using the GC x GC(-ToF)MS methodology, showing the
capability to distinguish between pulmonary Mtb infection and people with other pathologies
different than TB. From the entire spectrum of volatile metabolites in breath, three RF models
were applied, leading a panel of 46 breath features. The twenty-two common features within each
RF model used were selected as a set that could distinguish between Mtb-infected and -uninfected
population. Eight out of 22 were tentatively identified and one of them has been resulting in
common with the possible biomarkers reported in previous studies on human breath with TB
infection. Although the discrimination obtained by multivariate elaboration seems very promising
to extrapolate diagnostic information, minimizing the risk of experimental error in the primary
identification of breath biomarkers, requires studies with a large number of individuals with TB-
suspects as a control group (people with TB symptoms but not Mtb-infected) including subjects

with confounding factors (as HIV co-infection).
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Table 1. Characteristics of the study population

M. tuberculosis (+) M. tuberculosis (-)
(n=34)
Number (%) 14 (47%) 20 (53%)
Age, mean (£SD) 32 (x14) 31 (x10)
Gender (M/F) 3/11 0/20

TB Symptoms (Y/N) 13/1 0/20




Highlights

For the first time a multidimensional comprehensive gas chromatography system was
used to evaluate human breath in the setting of tuberculosis disease

Three random forest models were applied for data elaboration

Twenty-two common features within each random forest model used were selected as a

set to distinguish between infected and control group
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