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SUMMARY  Mycobacterium tuberculosis (M.tb) infects a quarter of the world's population and may progress to
active tuberculosis (ATB). There is no gold standard for diagnosing latent tuberculosis infection (LTBI).
Some immunodiagnostic tests are recommended to detect LTBI but can not distinguish ATB from
LTBI. The breath test is useful for diagnosing ATB compared to healthy subjects but was never studied
for LTBI. This proof-of-concept study (Chinese Clinical Trials Registry number: ChiCTR2200058346)
was the first to explore a novel, rapid, and simple LTBI detection method via breath test on high-
pressure photon ionization time-of-flight mass spectrometry (HPPI-TOFMS). The case group of
LTBI subjects (n = 185) and the control group (n = 250), which included ATB subgroup (» = 121) and
healthy control (HC) subgroup (n = 129), were enrolled. The LTBI detection model indicated that a
breath test via HPPI-TOFMS could distinguish LTBI from the control with a sensitivity of 80.0% (95%
CI: 67.6%, 92.4%) and a specificity of 80.8% (95% CI: 71.8%, 89.9%). Nevertheless, further intensive
studies with a larger sample size are required for clinical application.

Keywords latent tuberculosis infection, tuberculosis, diagnosis, volatile organic compounds, breath

It is estimated that Mycobacterium tuberculosis (M.tb)
infected a quarter of the world's population (/). Latent
tuberculosis infection (LTBI) constitutes a broad
spectrum of infection states that differ by the degree
of pathogen replication, host immune response, and
inflammation (2). Approximately 5-10% of those
with LTBI will progress to active tuberculosis (ATB)
(3). WHO recommends immunodiagnostic tests for
LTBI detection, either a tuberculin skin test (TST) or
interferon-gamma (IFN-y) release assays (IGRAs) (4).
However, these tests are not precise enough. In certain
situations, TB exposure can be used as a surrogate
for LTBI (5). Furthermore, TST and IGRAs can not
differentiate LTBI from ATB (6). Thus, a more precise
tool is urgently needed for the consecutive management
of uninfected status, LTBI, and ATB.

Recent studies indicate that breathomics may be
a useful rule-in or rule-out tool for diagnosing ATB

(7), which uncovers the host-pathogen interaction via
comprehensive exhaled breath analysis. Breathomics
may hold promise to distinguish healthy subjects, LTBI
and ATB (8) if a breath test can find the trace and tell
the difference of M.tb in consecutive states in the host
(9). High-pressure photon ionization time-of-flight mass
spectrometry (HPPI-TOFMY) is designed and developed
by our team, which can directly detect volatile organic
compounds (VOCs) in exhaled breath (/0). In our
previous studies, this breath detection platform has been
verified in lung cancer (//,12), esophagus cancer (/3),
and Corona Virus Disease 2019 (COVID-19) (/4). In this
study, we explored the use of this novel, rapid, simple,
and inexpensive breath test to detect LTBI.

We conducted a cross-sectional study (Chinese
Clinical Trials Registry number: ChiCTR2200058346)
in which a breath sample was collected from 435
participants with informed consent signed at the Third
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People's Hospital of Shenzhen in Shenzhen, China,
between March 2020 and November 2022. This study
(N0.2022017) was approved by the Ethics Committee
of the Third People's Hospital of Shenzhen. The study
population consisted of three main groups. The LTBI
group included the participants who were contacts
of ATB patients and had a positive IGRA result,
with normal chest imaging and no evidence of ATB
(n = 185). The control group consisted of two main
subcategories: 1) ATB group (n = 121): ATB subjects
in whom M.tb culture or GeneXpert TB-DNA was
positive, and chest imaging was suggestive of ATB; 2)
healthy control (HC) group (n = 129): healthy subjects
who came for physical examination and had no known
contacts with ATB patients, with a negative IGRA
result and a normal chest imaging. All participants were
enrolled in the queue. Because of the selection offset,
the enrolled HC is younger than other groups. The age
is significantly (p < 0.001) different between the case
and control groups, whose median ages are 41 and 28,
respectively. There is no significant difference (p = 0.397)
in gender between the case and control groups.

Breath samples were collected using a predefined
protocol and tested in our developed HPPI-TOFMS
within twenty-four hours (/0). The sampling apparatus
comprised a disposable gas nipple and a sampling bag
made of polyether-ether-ketone (PEEK). In this study,
we set standard sampling demands and protocols to
minimize the influence of the daily diet. Firstly, we
conducted sampling at a second visit if he/she was an
inpatient and informed the participants to prepare for
sampling in advance: no smoking, alcohol, or diets
within an hour before sampling. Secondly, participants
were required to rinse their mouths with purified water
instantly before sampling. Thirdly, all samples must
be collected in the same environment, which could
minimize the effects of environmental facts. With a deep
nasal inhalation, participants completely exhaled the air
into the sampling bag with over 1.2 L volume.

All the enrolled participants were randomly split into
three groups: 50% of them for model construction, 20%
for internal validation, and the remaining 30% for model-
blinded testing. Thus, 92 LTBI patients and 123 controls
were randomly selected as the discovery data set for
Random Forest (RF) (/5) based LTBI detection model
training, which was evaluated on an internal validation
dataset (37 LTBI patients and 51 controls) and blinded
test dataset (56 LTBI patients and 76 controls).

To transfer the mass spectrum data produced by
HPPI-TOFMS, noise-reducing, and baseline correction
were applied via anti-symmetric wavelet transformation
after mass calibration. Then, the area of the strongest
peak in the range of (x — 0.1, x + 0.1) was calculated
as the feature of VOC with m/z close to x. In this way,
a mass spectrum would be transferred into 1500 ion
features in the m/z range of (20, 320). To avoid over-
fitting in model training, the features without significant

difference (p > 0.05) and features with high correlation
coefficient but low peak area were excluded. Then, the
model-based feature selection was executed based on
training and validation datasets, and the top ten VOC
ions were selected according to the ranked feature
importance.

In this study, the receiver operating characteristic
(ROC) curve analysis was implemented. The sensitivity
(SEN), specificity (SPE), positive prediction value (PPV),
negative prediction value (NPV), accuracy (ACC), area
under the ROC curve (AUC), and their relative 95%
confidence interval (CI) were calculated to evaluate the
performance of LTBI detection model.

As shown in Table 1 and Figures la and 1b, with
the cut-off value of 0.5 (over 0.5 is considered LTBI),
the LTBI detection model achieved good discrimination
performance with an SEN and an SPE of 78.4 (95% CI:
63.4%, 94.3%) and 84.3% (95% CI: 74.3%, 94.3%) in
the internal validation dataset. In the test dataset, the
model performance slightly dropped, with the AUC
decreasing from 0.913 (95% CI: 0.854, 0.972) to 0.867
(95% CI: 0.809, 0.925). The SEN and SPE achieved in
the test dataset were 80.4% (95% CI: 68.7%, 92.0%)
and 80.3% (95% CI: 71.3%, 89.2%). Since there are
two subgroups in the controls, we also evaluated the
performances in discriminating LTBI with ATB and
HC, respectively. The LTBI model performed better in
discriminating LTBI and HC with an AUC of 0.952 (95%
CI: 0.909, 0.995) than in discriminating LTBI and ATB
with an AUC of 0.777 (95% CI: 0.692, 0.861).

To evaluate the selected VOC ions in LTBI detection,
we trained the LTBI detection model on each single VOC
ion and evaluated it in the test dataset. The ROC curve
in Figure lc demonstrates that the discrimination of a
single VOC ion is also good but limited (0.64 < AUC <
0.80), which is much inferior to the performance (AUC
= 0.867) of the combination of all ten VOCs. It implies
that the panel of VOC ions is the basis for breathomics-
based LTBI detection. Figure 1d illustrates the patterns
of these ten VOC ions that are visually different in ATB,
LTBI, and HC groups. Figure le illustrated there are
significant differences (p < 0.001) among LTBI, HC, and
ATB groups for almost all ten VOC ions, except for the
VOC with m/z of 129 between LTBI and ATB (p = 0.589).
Since the TOF mass spectrometer can only confirm the
m/z of detected VOCs, we need to infer the possible
chemicals of these LTBI related VOC ions based on
their m/z (121, 145, 129, 135, 105, 130, 117, 93, 77,
109), peak area distribution, other published potential
biomarkers, and the human breathomics database (/6).
The VOC ions with m/z of 145, 135, 130, and 109 should
be 1,4-dimethyl-indol, benzothiazole, 2-cthyl-1-hexanol,
and 4-aminophenol, respectively. The VOC ions with
m/z of 145, 135, 121, 129, 117, and 77 would be the
protonated ion of octanoic acid, 1-methyl-4-(1-methyl
ethyl)-, 4-ethyltoluene, naphthalene, 2-methyl propyl
acetate, and carbon-disulfide, respectively. The VOC
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Table 1. Qualitative evaluation of RF-based LTBI detection model in validation and test sets

Data set (1) SEN (%) SPE (%) PPV (%) NPV (%) ACC (%) AUC
Validation (88)

LTBI (37) vs. Control (51) 78.4 (63.4,93.4) 84.3(74.3,94.3) 78.4(67.1,89.7) 84.3(72.6,96.0) 81.8(73.8,89.9) 0.913(0.854,0.972)
LTBI (37) vs.. HC (26) 784 (63.4,93.4) 100(100,100) 100 (100,100)  76.5(61.0,91.9) 873 (79.1,95.5) 0.975(0.937, 1.000)
LTBI (37) vs. ATB (25) 784 (63.4,93.4) 68.0(49.7,86.3) 78.4(62.2,945) 68.0(53.0,83.0) 742(63.3,85.1) 0.848(0.758,0.937)
Test (132)

LTBI (56) vs. Control (76) 80.4 (68.7,92.0) 80.3(71.3,89.2) 75.0(65.0,85.0) 84.7(75.6,93.8) 803 (73.5,87.1) 0.867(0.809, 0.925)
LTBI (56) vs. HC (39) 80.4 (68.7,92.0) 97.4(92.5,100) 97.8(93.7,100) 77.6(65.5,89.6) 87.4(80.7,94.0) 0.952(0.909, 0.995)
LTBI (6) vs. ATB (37) 80.4 (68.7,92.0) 62.2(46.5,77.8) 763 (62.0,90.6) 67.6(55.7,79.6) 73.1 (64.1,82.1) 0.777 (0.692, 0.861)
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Figure 1. The ROC comparisons and the top ten VOC ions of the developed LTBI detection model. ROC comparison in validation and test
datasets (a) and test set (b). The LTBI detection power of the top ten selected VOC ions in the test dataset (¢). The heatmap of peak area distribution
in all HC, LTBI, and ATB samples (d). The box plot of peak area in all HC, LTBI, and ATB samples. * and ° represent significant or insignificant
differences between the two groups (e).
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ions with m/z of 105 should be the combination ion of
H,0" and butanal, 3-methyl-. The VOC ion with m/z of
93 would be pyridine, 3-methyl- or the protonated ion
of toluene. Among these related chemicals, octanoic
acid (m/z = 144), 2-ethyl-1-hexanol (m/z = 130), and
toluene (m/z = 92) were proven related to pulmonary
tuberculosis (PTB) (/7). 1,4-Dimethyl-indol (m/z =
145), naphthalene (m/z = 128), and 1-methyl-4-(1-
methyl ethyl)- (m/z = 134) were reported as the VOC
biomarkers of PTB via gas chromatography-mass
spectrometer (GC-MS) detection in Machel Phillips's
study (/8). Their chemical would be closely related
to the metabolites of M.tb or the metabolic changes
accused by M.tb. However, these chemicals are not
completely confirmed, and their metabolic mechanism
is poorly understood.

Our study had several strengths. All breath samples
of ATB subjects were taken before anti-tuberculosis
treatment so that drugs did not influence our results. For
ATB, we used GeneXpert as a complementary diagnostic
test to verify a true-negative result in subjects found to
be negative with a sputum test (/9). Healthy subjects
were sampled in the same site as LTBI and ATB subjects,
which raised no concerns regarding possible geographical
bias affecting the results. Since there is no gold standard
for LTBI, choosing IGRA as the diagnostic test may
miss LTBI people with undetectable IFN-y response
(6). Thus, we confirmed the LTBI and HC groups based
on the IGRA results and TB exposure. For instance, we
excluded close contacts with a negative IGRA from the
LTBI group. On the other hand, the stronger standard
for LTBI and ATB also limited the applicability and
extensibility of the developed LTBI detection model.
Other limitations include: 1) these VOC ions were not
completed qualitatively identified, although we have
extrapolated the possible chemicals based on their
formula weight and published biomarkers; 2) there may
be selection bias in selecting HC; 3) Participants with
other respiratory diseases were not enrolled in this study,
which is meaningful for the method evaluation in related
application scenarios, but is unfavorable for discovering
the potential biomarkers for tuberculosis infection.
We expect to optimize our research and conduct more
profound studies in LTBI-related VOCs in the future.

In summary, this study provided a potential
noninvasive, simple, and fast method for LTBI diagnosis.
The preliminary proof-of-concept results indicate that
a breath test vie HPPI-TOFMS may be a valuable tool
to distinguish LTBI from HC and ATB, which achieved
an accuracy of 80.3% (95% CI: 73.5%, 87.1%) and
an AUC of 0.867 (95% CI: 0.809, 0.925). Before the
clinical application of breath test-based LTBI diagnosis
technologies, more extensive cohort studies are required.
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