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Abstract

Background: Fibrotic Interstitial lung diseases (ILD) are a heterogeneous group of chronic lung diseases character-
ized by diverse degrees of lung inflammation and remodeling. They include idiopathic ILD such as idiopathic pul-
monary fibrosis (IPF), and ILD secondary to chronic inflammatory diseases such as connective tissue disease (CTD).
Precise differential diagnosis of ILD is critical since anti-inflammatory and immunosuppressive drugs, which are
beneficial in inflammatory ILD, are detrimental in IPF. However, differential diagnosis of ILD is still difficult and often
requires an invasive lung biopsy. The primary aim of this study is to identify volatile organic compounds (VOCs) pat-
terns in exhaled air to non-invasively discriminate IPF and CTD-ILD. As secondary aim, the association between the IPF
and CTD-ILD discriminating VOC patterns and functional impairment is investigated.

Methods: Fifty-three IPF patients, 53 CTD-ILD patients and 51 controls donated exhaled air, which was analyzed for
its VOC content using gas chromatograph- time of flight- mass spectrometry.

Results: By applying multivariate analysis, a discriminative profile of 34 VOCs was observed to discriminate between
IPF patients and healthy controls whereas 11 VOCs were able to distinguish between CTD-ILD patients and healthy
controls. The separation between IPF and CTD-ILD could be made using 16 discriminating VOCs, that also displayed a
significant correlation with total lung capacity and the 6 min’walk distance.

Conclusions: This study reports for the first time that specific VOC profiles can be found to differentiate IPF and
CTD-ILD from both healthy controls and each other. Moreover, an ILD-specific VOC profile was strongly correlated
with functional parameters. Future research applying larger cohorts of patients suffering from a larger variety of ILDs
should confirm the potential use of breathomics to facilitate fast, non-invasive and proper differential diagnosis of
specific ILDs in the future as first step towards personalized medicine for these complex diseases.

Keywords: Volatile organic compound (VOC), Idiopathic pulmonary fibrosis (IPF), Connective tissue disease
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Background
Fibrotic Interstitial lung diseases (ILDs) are a heteroge-
neous group of chronic lung diseases characterized by
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connective tissue disease (CTD-ILD), granulomatous
ILD such as sarcoidosis, and other rare forms of ILD [2].
In the Paris area, the overall incidence of ILD is 19.4/100
000, while the most frequent diagnoses are sarcoidosis
(42.6%), CTD-ILD (16%), and IPF (11.6%) [3]. Due to
their relative low incidence and prevalence, ILDs are an
under recognized problem within health care systems
although these diseases are associated with considerable
morbidity and mortality. If classified as a malignancy, IPF
would rank as the eighth most prevalent cancer world-
wide [1], while ILD are the leading cause of mortality in
patients with CTD [4, 5].

Although unspecific pathways such as TGF-beta sign-
aling, mechanotransduction and myofibroblastic differ-
entiation of lung mesenchymal cells likely contribute to
the terminal fibrotic process in all ILD [1], disease-spe-
cific injurious processes play key roles in the initiation of
the fibrotic response [6—8]. In particular, while chronic
pauci-inflammatory injury of the alveolar epithelium is
believed to initiate IPF [9], activation of both the innate
or adaptive immune systems and the subsequent inflam-
matory response are understood to play key roles in
CTD-ILD [10].

Consistent with the distinct underlying pathogenic
processes, response to therapeutics vary among ILDs.
Most notably, while corticosteroids and immunosup-
pressant drugs are the cornerstones of treatment for
immune/inflammatory ILD such as CTD-ILD [11], these
drugs increase mortality and must be avoided in IPF [12]
apart from acute exacerbations. By contrast, the anti-
fibrotic drugs pirfenidone and nintedanib slow down
functional decline and may increase survival in progres-
sive fibrotic ILDs [1, 13—17] but to what extent they can
also modulate inflammatory processes has only been
limitedly explored until now [18, 19]. Consequently, in
patients suffering from ILDs associated with high levels
of inflammation co-treatment with immunomodulatory
therapies besides these anti-fibrotic drugs might be ben-
eficial [18]. Since such specific therapeutic requirements
and responses are related to distinct ILDs, it is of crucial
importance to obtain a differential diagnosis at the ear-
liest possible moment to steer the appropriate medica-
tion per subgroup. In particular, discriminating IPF from
immune/inflammatory ILD such as CTD-ILD is a com-
mon clinical conundrum. The difficulty of distinguish-
ing CTD-ILD from idiopathic ILDs such as IPF can be
exemplified by the facts that up to 15% of ILD patients
also present symptoms compatible with CTD during
their initial evaluation, whereas up to 25% of ILDs occur
in patients with undiagnosed CTD [20].

Differential diagnosis of ILD ideally relies on the com-
bination of clinical, imaging, alveolar lavage and serologi-
cal data in the setting of a multidisciplinary discussion
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[21]. However, this process remains difficult and often
requires analysis of surgical lung biopsies [22]. Indeed,
surgical lung biopsy is still the single most informative
test in cases where both the clinical and HCRT features
fail to provide an exclusive diagnosis [23]. However, lung
biopsy is often not possible due to a number of contrain-
dications including age, comorbidities and the severity of
the disease. There is thus a need for the development of
other diagnostic markers that are less or even non-inva-
sive, safe and fast.

A novel and currently untested approach for the non-
invasive differential diagnosis of ILD could be the analy-
sis of exhaled air, known to contain a complex mixture
of volatile organic compounds (VOCs) that might be
applied as potential biomarkers for chronic lung diseases
[24, 25]. To this extent, we have applied a sampling meth-
odology for collecting concentrated samples of exhaled
air against which a thermal desorption gas chromatog-
raphy—time of flight—mass spectrometry (GC-tof-
MS) analysis has been employed [26]. Additionally, data
analysis tools have been developed to enable the pipeline
analysis of the generated GC-MS sample outputs [27].
By extracting informative VOCs from the compiled data-
base and implementing them into a classifier of which the
performance was evaluated [28], we have already shown
that a specific VOC profile in breath can discriminate
healthy controls from patients suffering from a variety of
lung diseases including chronic obstructive pulmonary
disease, ventilated-associated pneumonia and asthma
[29-31]. However, it would clinically be more relevant to
apply exhaled VOCs in differentiating between chronic
lung diseases that (partly) share pathogenesis and symp-
toms yet display diverse outcomes and therefore require
different treatment options. Therefore, the primary aim
of the present study is to identify exhaled VOC profiles
characteristic for IPF and CTD-ILD, in comparison to
patients without lung disease as well as to each other.
Such a unique volatile profile for the different ILDs could
represent a novel diagnostic tool for positive and differ-
ential diagnosis of these complex diseases. Moreover,
the secondary aim of this study is to investigate whether
these exhaled VOC:s, specific for either IPF or CTD-ILD,
could be associated with lung function impairment and
thus correlate with disease severity.

Materials and methods

Study design

A monocentric prospective observational cohort study
was performed to compare VOC profiles in subjects
without chronic lung disease (Controls) and in sub-
jects with either IPF or CTD-ILD. Study subjects were
recruited amongst patients referred for lung (IPF and
CTD-ILD subjects) or renal function (control subjects)
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testing to the Physiology Department of Bichat-Claude
Bernard university hospital (Paris, France) between Janu-
ary 2014 and March 2015.

All participants were fully informed, both written
and orally, about the aim and details of the study and
have given their written informed consent. Prior to the
inclusion, the protocol of this study was approved by
the regional ethical review board (CPP Ile de France IV,
2013-A01120-45). To answer the research questions,
the present study consists of two groups of patients with
either IPF or CTD-ILD as well as a group of control sub-
jects without chronic lung diseases collected at the renal
physiology department.

Patients

Inclusion criteria

Subjects aged 40 to 80 and without chronic liver disease,
HIV infection, diabetes, inflammatory bowel diseases or
congestive heart failure were eligible for the study. Con-
trols subjects were referred for the exploration of recur-
rent urinary lithiasis, had serum creatinine<200 pM,
had no known respiratory diseases including asthma
earlier in life, no significant exertional dyspnea (Medical
Research Council scale 0-1) and did not use any inhaled
medications.

ILD was defined as the presence of reticulations, trac-
tion bronchiectasis, or ground-glass opacities on 2
high-resolution computed tomography (HRCT) scans
performed at least 3 months apart. CTD was defined as
either rheumatoid arthritis, Sjogren’s syndrome, poly-
myositis/dermatomyositis or undifferentiated CTD diag-
nosed according to American College of Rheumatology
criteria [32, 33]. CTD-ILD was defined by the combina-
tion of ILD and CTD. IPF was diagnosed according to
2018 ERS/ATS/JAS/ALAT criteria [34]. IPF diagnoses
were ascertained by reviewing medical charts established
by the Referral Center for Rare Lung Diseases (Service
de Pneumologie A, Paris, France) including informa-
tion obtained after inclusion. All diagnoses were adjudi-
cated by multidisciplinary discussion. Clinical and lung
function data were obtained for patients in the two ILD
groups according standard clinical protocols.

Clinical data

Lung function and HRCT data were collected from ILD
patients. Vital capacity (VC), forced expiratory volume in
1 s (FEV1), total lung capacity (TLC) and carbon mon-
oxide diffusion capacity (TLCO) using the single breath
method were obtained according to ATS/ERS guidelines
[35] and expressed relative to ECCS1993 reference val-
ues [36]. The 6-min walk test was performed according
to American Thoracic Society guidelines [37] and the
result was expressed as a fraction of the predicted value
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according to Enright [38]. HRCT scans were reviewed
and classified as showing either one the patterns
described in the 2018 ATS/ERS/JRS/ALAT IPF diagno-
sis statement (usual interstitial pneumonia-UIP, probable
UIP, indeterminate for UIP or non UIP pattern) [34] or
as the non specific interstitial pneumonia (NSIP) pattern,
with or without subpleural consolidation, in the pres-
ence of predominant ground-glass opacities and lack of
honeycomb lesions. Pathological analysis of lung biopsies
or explanted lungs was obtained from medical records,
when available.

Sampling and measurement of exhaled breath For VOCs
sampling, participants were asked to sit down, and to
exhale tidally into a sterile 3L Tedlar bag (SKC Inc, Penn-
sylvania, USA) until the bag was full. The VOCs in the bag
were transferred to a stainless steel two-bed desorption
tube filled with carbograph 1TD/Carbopack X (Markes
International, Llantrisant, Wales, UK). The desorption
tubes were kept at room temperature until analysis. The
desorption tubes were placed inside a TD100 automated
thermal desorber for industry standard (Markes Inter-
national, Llantrisant, Wales, UK) and heated to 350 °C
to release the VOCs. Subsequently, 25% of the released
VOCs were trapped at a cold trap at 5 °C, whereas 75%
was re-stored at an identical stainless steel two-bed des-
orption tube for potential repeated measurement. Next,
the released VOCs were injected in the GC-column at
a temperature of 300 °C and separated by capillary gas
chromatography (column: RTX-5 ms, 30 m x 0.25 mm
5% diphenyl, 95% dimethylsiloxane, film thickness 1 um;
Trace 1300GC, Thermo Fisher Scientific, Waltham, Mas-
sachusetts). The temperature of the gas chromatograph
was programmed in the following manner: 40 °C during
5 min, then raised with 10 °C/min to a maximum temper-
ature of 270 °C, which was maintained for 5 min. Time-
of-flight mass spectrometry (tof~MS; Bench TOF-dx,
Almsco International, Llantrisant, Wales, UK) was used to
detect and identify compounds available in the samples.
Electron ionization mode was set at 70 eV and the mass
range m/z 35-350 was measured. Sample frequency of
the mass spectrometer was set to 5 scans/sec and analysis
run time to 33 min. Following this procedure, a chroma-
togram was generated for each subject.

Data processing

After measurement, each chromatogram was processed
to diminish the influence of non-biological variation.
Denoising, baseline correction, alignment, normalization
and scaling of the data were consecutively used based on
the method previously described by Smolinska et al. [27].
Briefly, log transformation of the data was performed to
convert heteroscedastic noise into homoscedastic noise
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[39] after which the chromatograms were denoised by a
Daubechies wavelet with two levels of compression [40].
Baseline correction was done by B-splines with asym-
metric least squares smoothing [41] and normalization
of the chromatograms was carried out by probabilistic
quotient normalization [42]. Peak picking was performed
after which the area under a peak was calculated. Peaks
for the same compound were identified and combined
using correlation of the mass spectra. This resulted in a
data matrix with individual participants as rows and indi-
vidual peaks as columns.

Data analysis

Selection of discriminatory VOCs

In order to apply VOC:s for the identification of IPF and
CTD-ILD patients, multivariate statistical modelling has
been performed for selection of discriminatory VOC
profiles unique for the various groups (see Fig. 1 for a
conceptual flow chart of the data analysis). More spe-
cifically, three comparisons were performed. First, IPF
patients were compared to a group of controls sampled
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at the renal department. Second, CTD-ILD patients were
compared to the group of controls from the renal depart-
ment. Finally, IPF and CTD-ILD patients were compared.

The selected multivariate statistical model was Random
Forests (RF) [43], a machine learning algorithm that gen-
erates a large quantity of uncorrelated decision tree pre-
dictors to classify samples into the appropriate class. RF
combines these decision trees to produce a generalization
error called the out-of-bag error. This error demonstrates
the accuracy of the model (accuracy=1 — error) and is
thus used to internally validate the distinct VOC profiles
selected using RF. This error is always calculated using
the samples that were never included in model optimiza-
tion and development. Additionally, the model provides
a measure of the importance of a variable that gives the
most important variables the highest value. Based on this
value, a subset of variables is chosen that can discrimi-
nate between two classes, in this case patients and con-
trols. It is important to state that each discriminatory RF
model was first constructed and optimised on a training
set (containing 80% of samples of each group) and the

Preprocessed GC-tof-MS data

l

Data after preprocessing

Division in IPF, CTD-ILD patients and controls

| Data from patients and controls in one aligned

l

database (step 1)

Compound selection via Random Forests (RF)

2. CTD-ILD vs. controls
11 selected VOCs
sensitivity 76.5%
specificity 78.4%

1. IPF vs. controls
34 selected VOCs
sensitivity 81.1%
specificity 88.2%.

3. IPF vs. CTD-ILD
16 selected VOCs
sensitivity 75.5%
specificity 78.4%

Selection of significant VOCs for three different
comparisons (step 2)

l

Combining significant VOCs

l

Joining the set of significant VOCs (step 3)

I Final random forest model using the 61 previously selected VOCs |

Final discrimination model between IPF, CTD-ILD
and controls (step 4)

l

Visualization of final distinction between IPF, CTD-ILD

| Principal Component Analysis on proximity of final RF model

| and controls using the combined set of significant VOCs

(step 5)

Fig. 1 Conceptual flowchart presenting the approach used for statistical analysis. In step 1, a database is build with all clinical data and the
preprocessed VOCs data contain three main groups: IPF (n =53), CTD-ILD (n=51) and healthy controls (h=>51). In step 2, the machine learning
method Random Forests (RF) was used to find discriminatory VOCs. For that purpose three different discriminatory RF models were built. Each

discriminatory RF model was constructed on a training set (containing 80% of samples of each group) and validated using an independent test set
(containing 20% of samples of each group). Training and test sets were selected using Duplex method (27). First RF algorithm was applied on VOCs
data containing IPF and controls to find compounds linked to IPF. The second classification model was constructed on chromatograms belonging
to CTD-ILD and healthy controls to allow selecting of VOCs related solely to CTD-ILD. The third RF algorithm was applied on data encompassing
breath samples of IPF and CTD-ILD with the purpose to find VOCs differentially profiled between these two pulmonary pathologies. To demonstrate
the performance of each RF analysis the receiver operating characteristic curve (ROC) is used and sensitivities and specificities determined. In step
3, the compounds selected as significant in step 2 are combined. In step 4, the final RF model is constructed using chromatograms belonging

to IPF, CTD-ILD and heathy controls. In order to demonstrate the differences between the three groups Principal Component Analysis (PCA) is
performed on proximities obtained from the final RF model (step 5) with the purpose to visualize the relation between all breath samples
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final, optimized model containing only discriminatory
VOCs was validated using an internal independent test
set (containing 20% of samples of each group). Training
and test sets were selected using Duplex method [27].

To demonstrate the efficacy of the binary classifica-
tion RF model, a receiver operating characteristic (ROC)
curve was created by calculating sensitivity and specific-
ity using different thresholds for classifying positive class
(i.e. CTD-ILD and IPF). The binary model was visualized
using a score plot based on a principal component analy-
sis (PCA) performed on the RF proximities. The proximi-
ties represent the similarity between individual samples
as a result of the selected VOC profile: a small proximity
value indicates similarity and a large proximity value dis-
similarity between individual samples and thus between
VOC profiles.

RF can also be directly used to simultaneously discrim-
inate more than three classes. However, such multi-class
models are more challenging to optimize, more difficult
to interpret and often deliver larger classification errors
than several binary RF models. Therefore, in order to
represent the differences between all studied classes, a
combination of binary classifiers was performed using
hierarchical model fusion. Shortly, this approach creates
a new set of scores for each sample by applying each of
the binary classification model to the whole data set. In
this study, the new scores are created by projecting the
samples into the PCA score plot performed on the prox-
imity matrix obtained from each of the binary model (i.e.
IPF vs. control, CTD-ILD vs. control and IPF vs. CTD-
ILD). Those new sets of scores can then be combined
as new coordinates and will visualize the differences
between groups. This described strategy is only valid if
each of the binary classification models is first properly
optimized and validated.

Chemical identification of VOCs
For the two comparisons between the individual diseases
and the controls, the most important VOCs were selected
for chemical identification. The measure of importance
for each individual VOC in the two discriminatory pro-
files was determined using the RF-variable importance,
where the VOCs with the highest value had the largest
contribution to the model. The selection of VOCs for
chemical identification was based on defining a cut-off
point to separate the VOCs clearly standing out from the
rest of the volatiles in the model. The plots displaying the
RF-variable importance for the discriminatory VOCs in
both models as well as the selected cut-offs are displayed
in Fig. 2A, B.

Additionally, all VOCs of the comparison between IPF
patients and CTD-ILD patients were chemically iden-
tified due to their clinical relevance (see Fig. 2C for the
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relative contribution of these VOCs to the discrimina-
tory profile). The identities of these VOCs were deter-
mined in two ways: (1) spectrum recognition using the
National Institute of Standard and Technology (NIST)
library in combination with an in-house composed com-
pound database in which pure compounds were previ-
ously recorded and (2) validation of the identification
described in step 1 by an experienced mass spectro-
metrist as described earlier [30].

Influence of confounders

Since differences in age and gender can influence the
classification between groups [44], it is important to
rule out that these factors influenced the classification
model in this study. The factors that were found signifi-
cant between the different groups (i.e. age, gender and
smoking status) were tested by regularized MANOVA
[45] to determine whether they influenced the models
significantly. A p value<0.05 was considered statistically
significant.

Correlation between VOCs and lung function parameters
Canonical correlation analysis (CCA) [46], which can be
considered an extension of the binary Pearson correla-
tion analysis, was used to calculate a correlation between
a set of compounds (in this case the whole set of discrim-
inatory VOCs) and characteristics (in this case the corre-
sponding lung function parameters of the same patients).
A p-value of<0.05 was considered statistically signifi-
cant. These lung function parameters include VC, TLC,
FRC, FEV1, DLCO, PaO,, PaCO, and 6MWD. Before
CCA analysis, both datasets were log-transformed. A
subset selection of the lung function parameters was
made based on the contribution of the VOCs to the CCA
model to achieve the best possible correlation. A correla-
tion coefficient and corresponding p-value were reported
in combination with figures of the correlation.

Results

Patients

The study included 155 subjects of whom 104 were
patients and 51 controls. The control subjects were
referred for recurrent urinary lithiasis. Fifty-three
patients with IPF and 51 patients with CTD-ILD were
included. The characteristics of study subjects are sum-
marized in Table 1.

All patients in the CTD-ILD group suffered from
fibrotic ILD. In this group, HRCT showed a NSIP pattern
in 26 patients (including 4 with areas of consolidation and
2 with mosaic attenuation), an indeterminate for UIP pat-
tern in 9 patients, a probable UIP pattern in 7 and an UIP
pattern in 4 patients. Criteria-defined underlying CTD
was rheumatoid arthritis in 11 patients, dermatomyositis
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Table 1 Characteristics of all subjects analyzed in the present study
Controls IPF patients CTD-ILD patients Significance Ctrls Significance Ctrls Significance
vs. IPF vs. CTD-ILD IPF vs. CTD-
ILD
Number of subjects 51 53 51 ns ns Ns
Age (yrs. % STD) 53 (£ 10) 69 (£9) 57 (£12) 58%107° ns 110
% male 68 75 26 ns 0.002 163*10°°
% smokers ex/current 35/16 60/0 24/4 0.02
mMRC class 0 44 5 5 ns
mMRC class 1 7 29 22 ns
mMRC class 2 0 12 16 ns
mMRC class 3 0 6 5 ns
mMRC class 4 0 1 3 ns
VC (% +STD) NA 77 (£22) 78 (£23 ns
TLC (% £STD) NA 71 (£15) 76 (£15 ns
FRC (% £ STD) NA 74(£17) 78 (£15 ns ns 0.001
FEV1 (% +STD) NA 80 (£22) 78 (£25 ns ns 0.0008
DLCO (% +STD) NA 49 (£17) 49 (£17 ns ns 0.03
Pa02 (& STD mm Hg) NA 75 (£9) 80 (£12 ns
PaC02 (= STD mm Hg) NA 471 (+4) 39 (+4) ns
6MWD (% £ STD) NA 88 (£20) 78 (£20 ns

Continuous variables were displayed as mean and standard deviation or percentages. Lung function parameters are displayed as a percentage of the predicted value
based on age and gender. mMRC modified medical research council dyspnea scale VC vital capacity, TLC total lung capacity, FRC functional residual capacity, FEV1
forced expiratory volume in 1's; DLCO diffusing capacity for carbon monoxide, PaO, and PaCO, oxygen and carbon dioxide pressure in arterial blood, 6MWD six-minute
walk distance, NA not available. Significances were calculated using a Student'’s t-test (the data are normally distributed based on Lilliefors test) in combination with

False Discovery Rate correction. ns not significant

in 12 patients, undifferentiated CTD in 11 patients, and
primary Sjogren’s syndrome in 8 patients.

In the IPF group, HRCT showed an UIP pattern in 30
patients, a probable UIP pattern in 17 patients, and an
indeterminate pattern in 4 patients. Pathological analy-
sis of lung tissue was available in 7 patients, and showed
an UIP pattern in 5 patients, a probable UIP pattern in
1 patient, and an indeterminate pattern in 1 patient.
Among the 23 patients without a UIP HRCT pattern, a
final diagnosis of IPF was ascertained by surgical lung
biopsy in one patient showing a probable UIP histopatho-
logical pattern, retrospectively by pathological analysis of
explanted lungs in 4 patients, and by MDD in the others.
Three patients had “likely IPF” according to the 2018 IPF
diagnosis criteria [34].

For each of the study parameters, a student’s t-test was
performed to check for significant differences between
groups. Multiple testing correction was performed using
the False Discovery Rate correction [47].

The difference in age of the participants between the
controls and IPF patients (p-value: 5.87°) and between
the IPF and CTD-ILD patients (p-value: 1.07%) was sig-
nificant. Additionally, the gender distribution between
the controls and CTD-ILD patients (p-value: 0.002) and
the IPF and CTD-ILD patients (p-value: 1.637%) was
significantly different. Finally, the distribution of current

and ex-smokers was significantly different between the
IPF and CTD-ILD patients (p-value: 0.02). Among the 51
CTD-ILD patients, 40 were treated with oral corticoster-
oids, 25 received cytotoxic immunosuppressants (either
cyclophosphamide, azathioprine, methotrexate, or
mycophenolate) while 16 were treated with proton pomp
inhibitors (PPI). Among the 53 IPF patients, 30 were
treated with pirfenidone, 6 were treated with nintedanib,
6 were treated with corticosteroids, 12 received PPI, and
none received cytotoxic immunosuppressants. Among
the 51 controls, 14 received no medication whereas 8
were treated for hypertension; the most common drug
classes were centrally active antihypertensive drugs (4
patients) and calcium channel blockers (3 patients).

VOC profiling for IPF patients versus controls

The exhaled VOCs from the 53 IPF patients were com-
pared with those present in the breath of the 51 controls.
A total of 34 VOCs was selected that could discriminate
the IPF patients from the controls. The IPF versus con-
trol profile had 84.6% accuracy, sensitivity of 81.1% and
specificity of 88.2%. The Receiver Operating Character-
istic (ROC) curve of the IPF versus controls using the 34
discriminating VOCs had an area under the curve (AUC)
of 91.2% (Fig. 3A). A PCA score plot was generated to
display groupings in the data as a result of the selected
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Table 2 Chemical putative identities of the most contributing
VOCs of the comparison between IPF and controls

Chemical identity CAS number Change in IPF with
respect to controls

Ethanol 64-17-5 Down

Heptane 142-82-5 Down

Benzaldehyde 100-52-7 Up

Unknown NA Down

Dimethyl sulfide 75-18-3 Down

subset of VOC:s. This score plot is depicted in Fig. 3B and
shows clear separation between both groups. The chemi-
cal identity of the 5 most contributing VOCs is given in
Table 2, which shows that the concentration of all but
benzaldehyde is lower in the IPF patients.

VOC profiling for CTD-ILD patients versus controls

When comparing the exhaled VOCs of the 51 included
CTD patients with those present in the breath of the
controls, 11 VOCs were selected as discriminatory. The
4 most contributing VOCs in this model are listed in
Table 3, all of which decreased in concentration in the
CTD-ILD patients compared to the controls. This dis-
criminatory VOC profile provided a classification accu-
racy of 77.5% with a sensitivity of 76.5% and a specificity
of 78.4%. The corresponding ROC curve and PCA scores
plot are displayed in Fig. 4A, B. The ROC AUC was
83.9%.

VOC profiling for IPF patients versus CTD-ILD patients

A subset of 16 VOCs was able to discriminate IPF from
CTD-ILD with an accuracy of 76.9%, a sensitivity of
75.5% and a specificity of 78.4%. The ROC curve (Fig. 5A)
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Table 3 Chemical putative identities of the most contributing
VOCs of the comparison between CTD-ILD and controls

Chemical identity CAS number Change in CTD-ILD
with respect to
controls

2-Heptanone 110-43-0 Down

4-penten-ol 821-09-0 Down
2,5-dimethyl furan 625-86-5 Down

Ethanol 64-17-5 Down
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Fig. 3 VOC profiling for IPF versus controls. A ROC curve of the

34-VOC IPF versus controls profile. The AUC is 91.2%. B 3D PCA plot of
Random Forests proximities comparing IPF and controls. The distance
between individual points expresses their similarity, i.e. short distance

indicates s highly similar VOC profile and vice versa

had an AUC of 83.8% and the PCA scores plot (Fig. 5B)
displays a separation between the two patient groups. The
chemical identity of all 16 VOCs is displayed in Table 4.
Seven VOCs were exhaled in lower concentrations in the
IPF patients compared to the CTD-ILD patients, whereas
9 VOCs were increasingly exhaled.
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Fig. 4 VOC profiling for CTD-ILD patients versus controls. A ROC
curve of the 11-VOC CTD-ILD versus controls profile. AUC is 83.9%.
B 3D PCA plot of Random Forests proximities comparing CTD-ILD
patients and controls

VOC profiling of controls, IPF and CTD-ILD patients

In order to visualize the outcomes of all three RF models,
a set of new scores was created using hierarchical model
fusion as previously described by Smolinska et al. [48].
Those new scores (each coming from one of the binary
classification model) were applied to create a score plot as
shown in Fig. 6. The discriminatory VOC profiles under-
lying this combined model were not influenced by the
differences in age, gender, or tobacco history (Table 5).

Correlation between discriminatory VOCs and disease
severity

To examine the clinical relevance of the identified VOCs,
correlation between the discriminatory volatiles of
both groups of patients and the lung function param-
eters characteristic for IPF and CTD-ILD was examined
using CCA. As depicted in Fig. 7, a significant correla-
tion was observed between the previously selected VOCs
and two of the included functional parameters, i.e. TLC
and 6MWD. A correlation coefficient of 0.8484 with a



Plantier et al. Respiratory Research (2022) 23:12

Table 4 Chemical putative identities of all discriminatory VOCs
of the comparison between IPF and CTD-ILD

Chemical identity CAS number Change in IPF with
respect to CTD-ILD

Acetone 67-64-1 Down

Dimethylsulfone 3877-15-4 Up

Heptane 142-82-5 Down

4-methyl-2-heptene 3404-56-6 Up

Branched C11H24 NA Up

Undecane 1120-21-4 Down

Tridecane 629-50-5 Up

Octadecane 593-45-3 Down

Branched C12H24 NA Up

Pyrrolidine 123-75-1 Down

Decanal 112-31-2 Down

2-heptanone 110-43-0 Up

Branched C14H30 NA Up

4-penten-ol 821-09-0 Up

2,5-methylfuran 625-86-5 Down

2-thiapentane 3877-15-4 Up

corresponding p-value of 0.0308 was achieved, indicat-
ing that functional impairment is positively associated
with the selected discriminatory VOCs and thus with the
observed ILD volatile profiles.

Discussion

Rapid, accurate and ideally non-invasive diagnosis of
ILD is a key challenge in respiratory medicine. Until
now, invasive lung biopsies are often still required for the
correct differential diagnosis in ILDs as other currently
available diagnostic tools including imaging techniques
(e.g. HRCT) and biological markers (e.g. chemokines,
proteases and growth factors, [49] fail to be exclusive [22,
23]. Therefore, the possible usefulness of non-invasive
volatile markers excreted in the breath to identify specific
types of ILD has been explored in the present study.

We report an attempt to find discriminatory VOC
profiles in the breath of patients suffering from IPF or
CTD-ILD and subjects without chronic lung disease.
In the present study, 34 VOCs correctly discriminated
IPF patients from healthy controls with 84.6% accuracy,
whereas 11 VOCs discriminated CTD-ILD patients ver-
sus healthy controls with 77.5% accuracy. Moreover, the
two ILDs were correctly distinguished from each other
with an accuracy of 76.9% using a set of 16 VOCs. Inter-
estingly, this last subset of 16 volatiles was strongly cor-
related with two clinical parameters of the diseases, i.e.
total lung capacity and 6 min’ walk distance, indicating
the possible pathological relevance of the selected VOCs
in ILDs.

Page 9 of 15

Z 061 E

1-Specific

02} 1
01} 1

04 . e SR S s g A e SRS R SR e S R S “en

PC3

-0.2

R I
05

0N T v IPF patients
+ CTD-ILD patients

PC2 o5

-05

PC1
Fig. 5 VOC profiling for IPF patients versus CTD-ILD patients. A ROC
curve of the 16-VOC IPF versus CTD-ILD profile. AUC is 83.8%. B 3D
PCA plot of Random Forests proximities comparing IPF and CTD-ILD
patients

Table 5 The influence of the significant study parameters on the
discriminatory VOC profiles

Study Parameter Comparison p-value
Age Controls vs. IPF 0212
Age IPF vs. CTD-ILD 0.219
Gender CTD-ILD vs. Controls 0.072
Gender IPF vs. CTD-ILD 0.814
Smoking IPF vs. CTD 0.637

Regularized MANOVA was used to test whether significant study parameters
were influential. A p-value <0.05 was considered significant

Chemical identification of the most discriminatory
VOCs observed in this pilot study leads to interesting
observations. For instance, 5 volatiles have important
discriminative power in more than one of the classifica-
tion models. Both 2-heptanone and 4-pentan-1-ol are
found in increased levels in IPF compared to CTD-ILD
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Fig. 6 VOC profiling of IPF versus CTD-ILD versus controls. 3D score
plot of combined binary classification RF model

Canonical Variate of Lung Function Parameters

1 L 1

33 B 1 0 1 2 3

Canonical Variate of VOCs
Fig. 7 Correlation between the discriminatory VOCs and lung
function parameters TLC and 6MWD. This correlation plot depicts the
canonical variate of the VOCs on the x-axis and the canonical variate
of the TLC and 6MWD on the y-axis

and display decreased relative concentrations in CTD-
ILD versus healthy controls, indicating that these two
VOCs might be related to CTD-ILD. Similarly, the
relative concentrations of heptane are decreased in the
breath of IPF patients compared to both the healthy
controls and CTD-ILD patients, suggesting that this
volatile is probably related to IPF pathogenesis. The
remaining two VOCs that were of interest in more than
one of the comparisons are dimethylsulfide, dimethyl-
sulfone and 2,5- dimethylfuran. Dimethylsulfide is
decreased in IPF compared to controls whereas the lev-
els of dimethylsulfone, which is formed upon oxidation
of dimethylsulfide by hydrogen peroxide, are increased
in IPF compared to CTD-ILD. The presence of these
two volatiles can be explained by enhanced production
of hydrogen peroxide by NADPH oxidase 4, activated
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by transforming growth factor p which is considered
a hallmark of IPF [50]. Finally, 2,5 dimethyl furan is a
biomarker of smoking [26] and involved in singlet oxy-
gen scavenging [51]. The fact that the levels of this vol-
atile are decreased in CTD-ILD compared to controls
as well as in IPF versus CTD-ILD indicates that these
lower levels are not merely a reflection of the different
inclusion rates of current and ex-smokers in all patients
groups, but also associated with the oxidative stress
underlying the pathology of ILD, and IPF in particular.

Within the IPF-specific profile, benzaldehyde levels
were increased whereas the levels of ethanol, heptane
and dimethylsulfide were decreased in comparison to
controls. Benzaldehyde is a naturally occurring dietary
chemical, present in for instance almonds, which is also
used as food additive and in scented products and cos-
metics [52, 53]. Endogenously, benzaldehyde is formed
out of benzylamine, a metabolite of monoamine oxidase
inhibiting drugs, by semicarbazide-sensitive amine oxi-
dase [54] which is a pro-inflammatory enzyme particu-
larly expressed in the lungs [55] and elevated in smokers
and patients suffering from inflammatory diseases [56].
Although there are no reports yet on the specific role of
benzaldehyde in IPF, it has been shown in animal mod-
els that inhibition of amine oxidase reduces pulmonary
inflammation and the development of fibrosis [56, 57].
Therefore, amine oxidase might be involved in IPF, caus-
ing the observed elevated levels of benzaldehyde in the
exhaled breath of IPF patients. Alternatively, exogenous
benzaldehyde is absorbed through skin as well as via the
lungs. Upon being metabolized by aldehyde dehydro-
genases to benzoic acid, conjugates will be formed with
glycine or glucuronic acid and excreted in the urine [58].
Higher benzaldehyde levels could therefore also reflect
an impaired liver metabolism in IPF patients, leading to
higher levels of this metabolite in the circulation and thus
breath.

The relative concentrations of heptane were reduced
in the breath of IPF patients. Since heptane is a known
marker of oxidative stress [59, 60] and reported to be
increased in patients suffering from various lung dis-
eases, including tuberculosis and lung cancer [61, 62], the
observed decrease in IPF, a disease associated with oxida-
tive stress as well, is remarkable and difficult to interpret.
Finally, the relatively lower levels of dimethyl sulfide in
the breath of IPF patients can be explained by the recent
finding that this volatile offers protection against oxida-
tive stress and ageing, two processes associated with IPF
pathology, by serving as a substrate for the antioxidative
enzyme called methionine sulfoxide reductase A [63].

In the breath of CTD-ILD patients, a decrease was
noticed in the relative concentrations of heptanone,
4-penten-ol and 2,5-dimethylfuran compared to healthy
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controls. A clear explanation for the lowered levels of
heptanone and 4-penten-ol is currently still lacking,
although an isomer of the latter (i.e. 4-penten-2-ol) has
already been reported as a marker for lung cancer [61].

The only volatile displaying the same pattern in both
ILDs was ethanol, whose relative concentration was
decreased in both IPF and CTD-ILD compared to
healthy controls. In the human body, ethanol is con-
stantly formed as a metabolite of acetaldehyde which is
in situ generated during the metabolism of pyruvate,
threonine, deoxyribose-5-phosphate and other substrates
[64]. Interestingly, this endogenous formation of ethanol
is under influence of various physiological circumstances
and can be hampered by both ageing and oxidative stress
[64], two conditions frequently reported to be associated
with ILDs in general and IPF specifically [8, 65]. Second
possible source of pulmonary ethanol secretion is the
lung microbiome as a study of Bos et al. has revealed that
bacterial DNA fragments can be linked to enzymes impli-
cated in the production of VOCs predictive of respiratory
tract colonization and/or infection including ethanol
[66]. Interestingly, the recent work of Gupta et al. sug-
gests that each respiratory disease not only has a specific
disease etiology but is also associated with unique micro-
bial signatures [67]. Within ILD, a higher relative abun-
dance of Streptococcus and Staphylococcus was observed
as has also previously been reported to contribute to dis-
ease progression in IPF [68]. Additionally, a significantly
higher abundance of Haemophilus, Stenotrophomonas
and Enterobacteriaceae was shown by Gupta et al.[67].
Whether such ILD-specific alterations in the pulmonary
micobiome were indeed involved in the affected ethanol
excretion in our patients remains to be investigated, but
our observation that exhaled ethanol levels were not dis-
criminatory between the two investigated ILDs certainly
fits within this hypothesis.

Most exhaled studies regarding ILDs have focused
on either the fraction of exhaled nitric oxide (FEyq) or
markers in exhaled breath condensate (EBC). The few
studies that have focused on identifying FEyq in ILD dis-
play rather conflicting results [69—71], which might not
be that surprising considering the fact that FENO is a
marker of inflammation, a process that is not a manda-
tory contributor to ILD pathology [72]. Within the EBC
studies performed over the last years, focus was mostly
on measuring markers of oxidative stress including
malondialdehyde [73], nitrite [74], 8-isoprostane [75] and
hydrogen peroxide itself [75]. However, all these markers
are rather general for the occurrence of oxidative stress,
a process involved in the pathology of many chronic dis-
eases, and thus never shown to be exclusively different for
specific ILDs. Moreover, these markers have always been
analyzed on individual level, which will obviously also
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hamper their usefulness to differentiate between ILDs as
these multifactorial diseases cannot be characterized by
a single marker or process. Recently, enhanced levels of
various collagen-related amino acids including proline, 4-
hydroxyproline, alanine, valine, leucine and allysine have
been detected in EBC, and confirmed to some extent in
the exhaled breath, of IPF patients [76]. Interestingly, all
significantly altered compounds were strongly correlated
to each other yet independent from commonly used lung
function parameters including FVC and DLCO. These
findings suggest a shared metabolic process underlying
the elevated amino acid levels that is related to ongo-
ing or newly developing fibrotic processes rather than
already present fibrotic tissue [76, 77]. Although this is an
intriguing observation, it is still related to only one sin-
gle process in which other important matrix metabolites
in IPF are not yet included and has not yet proven exclu-
siveness for IPF compared to other ILDs or chronic lung
diseases associated with bronchial fibrosis such as COPD
and asthma [77].

Recently, Enose technology was shown to distinguish
ILD patients from healthy controls and to discriminate
between different ILD subgroups [78]. Although this is
a very promising result that indicates breath analysis
might be useful for timely diagnosis of specific ILDs in
the future, such Enose studies i) do not provide insight
into the biological mechanisms of diseases and ii) gen-
erate device-specific data that are hardly translatable to
other devices or technologies. Consequently, there is
still a need for discriminative breathomics to diagnose
and monitor ILDs. Until now, only two of such compre-
hensive breathomic studies have examined the excre-
tion of disease-specific VOCs in ILDs [79]. In the first
study in 2005, elevated level of ethane were reported to
be exhaled in the breath of 34 ILD patients compared to
the exhaled air of 16 healthy controls [80]. Interestingly,
the ethane levels were correlated with clinical outcome
parameters as well as with lactate dehydrogenase, an
indicator of oxidative stress [80]. The other study meas-
ured exhaled VOCs in 40 IPF patients and identified 5
VOCs (i.e. isoprene, ethylbenzene, p-cymene, acetoin
and an unknown compound) that were significantly
different in their breath compared to that of 55 healthy
controls [81]. Isoprene, ethylbenzene and p-cymene
were also detected in our study, as well as m-, p-, and
o-xylene as they are difficult to distinguish from eth-
ylbenzene. Their relative concentrations in our study
and the corresponding p-values are depicted in Fig. 8.
None of these individual VOCs displayed a significantly
altered level in the breath of IPF patients compared
to that of healthy controls, although o-xylene almost
reached significance (p-value 0.067). These discrepan-
cies could be explained by differences in methodology
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Fig. 8 Relative concentrations of individual VOCs reported in literature to differ in the breath of IPF patients and healthy controls. The displayed
boxplots represent the following volatiles: A Isoprene, B p-Cymene, C Ethylbenzene, D m- and/or p-Xylene, E o-Xylene. In each plot, the p-value
is displayed, where a p-value < 0.05 is considered significant. m-, p-, and o-xylene are hard to distinguish from ethylbenzene, leading to possible

and an alleged small effect size due to the heterogeneity
of the disease. Alternatively, these differences may arise
from the fact that we employed an age-matched control
group whereas Yamada et al. included a control group
that was half the age of the patient group. Moreover, we
have measured all excreted VOCs followed by select-
ing discriminating VOC profiles rather than measur-
ing a subselection of volatiles of which the significant
change is analyzed on an individual level. Neverthe-
less, the observation of Yamada et al. that changes in
VOC:s are related to clinical parameters including lung
function underlines the usefulness of breathomics in
diagnosing IPF [81]. Similarly, we also observed a sig-
nificant correlation between lung function parameters
and the discriminatory VOC profiles for both ILDs. As
a compromised lung function is the key clinical feature
of ILDs, this observed correlation indicates that the
selected VOCs may be linked to the general pathogen-
esis of these diseases. Future research has to elucidate
whether this link is specific per ILD or general for all
diseases with impaired lung function (including ILDs)
and whether it can be used to develop breath biomark-
ers of prognosis, disease severity and therapy efficacy.
Developing biomarkers of disease progression and
therapeutic efficacy is of special interest as monitor-
ing of ILD patients currently relies mostly on clinical,
morphological and functional criteria, which may lack
sensitivity in detecting early or minimal changes in dis-
ease activity. It can be anticipated that developing bio-
markers of disease progression and therapy efficacy will
aid in phenotyping ILD patients, i.e. creating subgroups

of patients based on their disease severity and response
to therapy, as a first step towards precision medicine in
ILD [82].

Although an effect of age, gender and tobacco history
and main medication use on the discriminating volatiles
was not observed in the present study, it is important
to mention that it was impossible to check the com-
plete influence of medication as most patients were on a
mixture of different medications and the patient groups
were too small to take every possible drugs regime into
account. Since medication has previously been described
as possible confounding factor influencing VOC con-
tent in human breath [44], future studies should include
larger patient groups to exclude any effect of the different
medication regimes commonly applied within ILD treat-
ment. Indeed, the effect of either anti-inflammatory and
immunosuppressive agents, or antifibrotic agents, may
explain some of the difference in VOC profiles between
CTD-ILD and IPF patients. Additionally, such future
studies could also stratify subgroups on age, gender and
tobacco history to explicitly search for specific discrimi-
native VOCs correlated with these factors associated
with the pathophysiology of the disease. By including
larger cohorts of more subgroups of ILD in future stud-
ies it can also be investigated whether possible overlap in
exhaled volatiles exists as only small differences in VOC
profiles can be expected if the clinical separation between
subgroups of patients is very small as well. Interestingly,
despite the lack of further subgrouping due to the rela-
tively low patient numbers in the present study, we did
not observe any overlap between the various patient
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groups upon visual analysis of the data using untargeted
PCA analysis. This promising observation indicates no
patients had a VOC profile resembling the exhaled vola-
tiles belonging to a diagnosis different from the one they
were included for.

The control subjects included in the present study
could not be considered healthy since they were referred
for recurrent urinary lithiasis. Additionally, some of
the control subjects might already suffered from undi-
agnosed lung diseases as also ex- and current smokers
were included to account for tobacco smoking being an
important risk factor or developing ILD. Since they did
not report any pulmonary symptoms at the time of inclu-
sion, it was anticipated they did not suffer from clinically
significant lung damage as observed in and related to
ILD and would thus be a suitable control group to find
discriminative VOCs related to ILD pathology instead of
smoking. Indeed, the possible presence of undiagnosed
chronic lung diseases in the control group would actually
strengthen the clinical use of the observed discriminative
volatiles for IPF and CT-ILD as they are then definitely
not related to general chronic lung damage or pathways
involved herein including inflammation. To further opti-
mize the specificity of these discriminative VOCs, future
studies should include an age-matched control group
with other acute and chronic underlying pulmonary con-
ditions. The diagnosis of IPF relied on MDD in 16/51
patients, which occurred mostly in patients with a prob-
able UIP HRCT pattern and without histopathological
data. Although this is a limitation to the study, review of
follow-up charts allowed to ascertain IPF in all patients
because of either (1) histopathological data confirming
IPE, (2) further imaging showing a complete UIP pattern
or (3) the lack of any alternative diagnosis at follow-up. In
the present study, 56% in the IPF group had a UIP HRCT
pattern, which is similar to the Europe-wide IPF network
registry (83).

Finally, although all classification models were inter-
nally validated using a test set, external validation should
also be added to future studies to minimize the risk of
overfitting the data and to maximize the certainty of the
discriminative compounds and their universal power.

Conclusion

In conclusion, this pilot study reports for the first time
that VOC profiles can be detected in the breath of
patients suffering from IPF or CTD-ILD that differenti-
ate them from each other as well as from age-matched
healthy controls. Moreover, an ILD-specific VOC pro-
file was strongly correlated with clinical parameters.
Future research applying larger cohorts of patients suf-
fering from various types of ILDs and including exter-
nal validation sets should confirm the potential use of
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breathomics to facilitate fast, non-invasive and proper
differential diagnosis of specific ILDs in the future as first
step towards personalized medicine for these complex
diseases.
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