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SUMMARY

Exhaled breath contains valuable information at the molecular level and offers
promising potential for precision medicine. However, few breath tests transition
to routine clinical practice, partly because of the missing validation in multicenter
trials. Therefore, we developed and applied an interoperability framework for
standardized multicenter data acquisition and processing for breath analysis
with secondary electrospray ionization-high resolution mass spectrometry. We
aimed to determine the technical variability andmetabolic coverage. Comparison
of multicenter data revealed a technical variability of �20% and a core signature
of the human exhaled metabolome consisting of �850 features, corresponding
mainly to amino acid, xenobiotic, and carbohydrate metabolic pathways. In addi-
tion, we found high inter-subject variability for certain metabolic classes (e.g.,
amino acids and fatty acids), whereas other regions such as the TCA cycle were
relatively stable across subjects. The interoperability framework and overview
of metabolic coverage presented here will pave the way for future large-scale
multicenter trials.
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INTRODUCTION

Deep phenotyping of blood, urine, and tissue specimens with multiple -omics platforms has become

increasingly important for clinical decision making, patient stratification, and therapeutic drug monitoring

in modern medicine.1 In striking contrast, exhaled breath remains largely excluded from the pool of ex-

ploited biofluids towards the hallmark of precision medicine.2 Notable exceptions include the fractional

exhaled nitric oxide (FeNO) test, used to diagnose and guide asthma management,3,4 and the 13C urea

breath test, used to diagnose Helicobacter pylori infection.5 While the biochemical richness of human

breath was revealed over 50 years ago by Pauling et al.,6 it remains stubbornly difficult to tap into this easily

accessible information for a wider range of clinical outcomes. Even in the wake of a pandemic, where

immense economical resources have been made available to develop a breath test to detect SARS-

CoV-2, the use of human breath for clinical purposes remains a major challenge.

Secondary electrospray ionization (SESI7) combined with modern high resolution mass spectrometry

(HRMS) has enabled over the last 15 years the real-time detection of several key metabolites with an

unprecedented coverage.8–12 Real-time analysis has the ability to minimize the risk of compromising the

sample integrity by skipping sample pre-treatment and storage.13–15 and to provide the result turnaround

time in the order of minutes. Following years of technological development, optimization,16 and elabora-

tion of standardization procedures17,18 we have recently integrated SESI-HRMS platforms in selected clin-

ical settings and provided proof-of-principle for the use of this technique for the therapeutic management

of patients with epilepsy.19 Additionally, if needed SESI-HRMS can also be used for real-time quantification

of breath metabolites.11,20,21 However, the exploration of further clinical applications, and eventually reg-

ulatory approval, require large-scale multicenter studies and a better understanding on the core metabolic

information captured in exhaled breath by SESI-HRMS, which remains largely unknown.

In this study, we aimed to set the basis for large-scale multicenter studies by implementing a previously

demonstrated standard operating procedure (SOP) for data collection17 and our patented data processing

pipeline for breath analysis by SESI-HRMS (European patent No. 20186274.5 and 21185400.5).
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Furthermore, our goal was to determine the metabolic compounds and pathways represented in exhaled

breath, rather than merely describing mass-to-charge features. We show that the technical variability is in

line with well-establishedmass spectrometry-driven platforms and unveil the areas of the humanmetabolic

network covered by this breath analysis technique.
RESULTS

Technical variability across sites

An analytical platform with low technical variability (i.e., the variability observed during the repeatedmeasure-

ment of the same sample) is the main prerequisite to detect subtle and true biological variability among

different samples. However, so far there exists no system suitability test for breath analysis by SESI-HRMS.

Therefore, we developed a ‘‘quality control’’ procedure, involving the acquisition of an eight compounds

gas mixture of known concentration (Table S1) and a subsequent comparison of the gas-mix signal intensities

over time using an inhouse MATLAB app (Figure S1). This quality control procedure was performed every day

before the acquisition of breath sample in all three study sites (Basel, Zurich, and Guangzhou) (Figure 1A). We

used well established multivariate control chart based on Hotelling’s T2 statistic22 to compare signals of stan-

dard gas-mix compounds over time. Figure 1B shows the control chart for the standard gas-mix measurement

acquired on the day of the last breath measurement in each site. In all sites the last T2 value falls within the

control limits, indicating similar performance (with limited technical variability) of the individual SESI-HRMS in-

struments in all three study sites during the course of the study period. Themean of the coefficients of variation

(CV) of RAW signal intensities across all standard gas-mix compounds per site ranged from 18.4% to 22.1%

(Table S2). Whereas, the mean CV of RAW signal intensities across all three sites per standard compound

ranged from 18.5% to 21.7% (Table S2). Taken together, we claim to have an instrument setup with technical

variability of �20% (assessed by the CV of standard gas-mix).
Multicentric real-time exhaled breath metabolomics

To determine the core composition of volatile organic compounds, present in the exhaled breath, we ac-

quired 255 breath samples from nine healthy adults (30G 5 years, meanG SD; four females and five males)

in three study sites, using identical equipment and adhering to a data collection SOP. All breath samples

were collected within six weeks, with one to two samples per working day (Figure 1C). After the completion

of the measurements, breath data from all three study sites were analyzed using our patented data pro-

cessing pipeline (European patent No. 20186274.5 and 21185400.5, for more details, see STAR methods).

In total, considering all nine subjects, 3198 features correlating with exhalations (rspearman > = 0.7 and

FDR= 0.01; i.e., breath-related features) were identified (2535 features in positive and 663 features in negative

ionization mode). On average per subject, we detected �900 features in positive and �500 features in nega-

tive ionization mode (Figure S2). The majority of these features were detected within them/z range of 70-300

(Figure S2). To remove sporadic features at the subject level, only features present in at least 80% of measure-

ments from that subject were further considered. This resulted in a total of 1953 features. An overlap analysis

of these features (Figure S3) revealed that 368 features appeared in all subjects. To further reduce the

complexity, we looked at the overlap of these features at the site level rather than the subject level (Figure 1D).

Hereafter, only 846 features occurring in at least two sites were considered core breath features andwere used

for further analysis. Despite adhering to a data collection SOP, as expected, we observed a batch (site) effect

(Figure 1E). To correct this, we used the batch correction method ComBat23 (Figure 1F). Finally, the resulting

matrix (Figure 1G) of the ComBat corrected signal intensities of the 846 core features was used to identify the

metabolic coverage of SESI-HRMS and to analyze biological variability.
Mapping mass spectral features into tangible metabolic information

Because of the real-time nature of SESI-HRMS, breath studies utilizing this technique often remain at the

m/z level of information. Understanding which portion of the humanmetabolome is represented in the core

breath signature is key to enable hypothesis-driven clinical studies. To address this issue, we used two

different computational approaches to translate core breath m/z features into compounds. These ap-

proaches rely on the accurate mass obtained from the Orbitrap instrument (typically within a tolerance

of G2 ppm).24 In the first approach, breath features were arranged based on the mass differences into a

map, where each node is a m/z feature assigned to a molecular formula, to identify homologous series

in the C, H and O space (Data S1, Figure 2A is a subset of Data S1). We employ previously confirmed

feature-to-compound assignment at levels 1 and 225 for saturated fatty acids,8 amino acids,11 aldehydes,9
2 iScience 25, 105557, December 22, 2022
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Figure 1. Overview of the multicentric study

(A) This multicenter study was conducted in three sites (Basel in blue, Zurich in orange, and Guangzhou in green).

(B) Hotelling’s T2 control chart for standard gas-mix compounds acquired on the last day of measurement at each site.

(C) Overview of study duration and number of included breath measurements per subject (number on the right side). In total, we analyzed 255 breath

samples.

(D) Upset plot representing the overlap of breath features across sites.

(E) PCA plot of 846 core breath features (present in at least two sites) before batch correction.

(F) PCA plot of core breath data after batch correction using ComBat.

(G) Finally, a ComBat corrected 2553 846 (samples 3 features) data matrix ( is only used here to ease visual representation; actual downstream analysis was

done on raw numbers) was obtained and used further for the analysis of biological variability and metabolic coverage.
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nitro-aromatic compounds,26 and tricarboxylic acid (TCA) cycle compounds,10 as anchor points to infer the

chemical formulas of the neighboring features. For example, the grid containing 4-hydroxy-2-alkenals sug-

gests that further series of aldehydes with up to six double bond equivalents (DBE) are detectable in

exhaled breath. Similarly, the grid comprising saturated fatty acids expanding from acetic acid to palmitic

acid, suggests that closely related unsaturated fatty acids (up to four DBE) may also be present in breath.

We hypothesized that metabolites which are close in the chemical space, are also closely related in the

metabolic/biochemical space. To test this, we computed pairwise correlations between signal intensities

of the 846 core breath features (Figure 2B). This network architecture suggests that features with similar

chemical formulas tend to cluster together. Closer inspection reveals fine structures that resemble what

one would expect from a metabolic perspective. For example, short-chain (C1-C4) fatty acids cluster

together, separated from the rest of network, perhaps due to the fact that these are byproducts of gut mi-

crobiome.27 A distinct tail is formed by long-chain (C14-C18) fatty acids, whereas medium-chain (C5-C13)

fatty acid blend in the main structure of the correlation network. Similarly, TCA cycle compounds cluster

together and close to a feature corresponding to a simple sugar with formula C6H12O6. Potential oxidative

stress markers such as nitrophenols also naturally cluster together. Additionally, a gradient of color could

be observed in the network clusters, referring to compounds with an increasing (decreasing) oxygenation

level across the correlation clusters.

In the second approach, MetaboAnalystR (version 3.0.3)28 was used to assign breath features to the main lipid

and non-lipid class of compounds from the RefMet database29 considering only protonated and deproto-

nated forms within a tolerance of 2 ppm. Assigned compounds were then cross-referenced to other common

databases such as PubChem, HMDB, KEGG, and METLIN (Figure 3A). As a result, we were able to assign 846

core breath features to 477 unique KEGG compounds. These compounds mainly belong to amino acids, xe-

nobiotics biodegradation, and carbohydrate metabolic pathways from the KEGG’s ‘‘Metabolism’’ pathway

class (Figure 3B). Additionally, we calculated intra-subject CVs and performed a one-way ANOVA to examine

the variability in the signal intensities of core breath features between the nine subjects (Data S2). Feature level

p-values from the ANOVA were then combined as needed to estimate compound level p-values (Fisher’s

method). Later these combined p-values were used to calculate the proportion of compounds that varied

significantly (combined p-value < 0.05) between subjects in the different pathways (red bars in Figure 3B).

This analysis revealed a significant inter-subject variability for �50-65% of the compounds of the top-three

pathways. Notable exceptions for regions of high stability (i.e. no significant differences across subjects)

include the TCA cycle (Figure 3C), despite the fact that �60% of the carbohydrate metabolic pathway com-

pounds were significantly different between subjects (Figure 3B). Subsequently, we created a simplified

custom map considering few compounds from the most represented KEGG pathways (Figure 4A) and as ex-

pected, features corresponding to compounds from the same pathway clustered together in the correlation

network (Figure 4B). Furthermore, to provide even more comprehensive coverage of feature to molecular for-

mula assignment, we queried allm/z breath features against all possible molecular formulae (with the combi-

nation of the following elements: C, H, N, andO, including also 13C isotopic form) under 1000 Da following the

‘‘seven golden rules,’’ as described by Kind and Fiehn,30 again considering only (de)protonated species within

a tolerance of 2 ppm (Data S2). To gain more confidence in these assignments, we compared the observed

isotopic distribution of a feature and the theoretical isotopic distribution of the assigned formula, and anno-

tated each assignment as pass or fail ‘‘isotope filter’’ (to pass the isotope filter, first three isotopic peaks from

observed and theoretical distributions must match with an overall intensity correlation higher than 0.8).
DISCUSSION

Clinical biomarker discovery is a key element in the progression towards precision medicine.31 Coordi-

nated multicentric studies involving the analysis of thousands of samples remain at the heart of such ef-

forts.32 Due to its non-invasiveness and readily availability, exhaled breath appears to be a perfect candi-

date for such high throughput endeavors. However, the adoption of breath metabolomics as a widespread

branch of themultiple -omics platforms requires a ‘‘big science’’ approach.33 Indeed, the standardization of

data collection and data processing have been highlighted as main priorities in the field of breath

research.34,35 The adoption of a common analytical platform across multiple centers following carefully de-

signed and optimized SOPs will unlock this potential, overcoming the often-patchy breath metabolomics

studies, whereby the use of different analysis techniques and small samples sizes leads to little progress in

the search for exhaled biomarkers. In this work, we build upon fifteen years of experience developing SESI-

HRMS for breath metabolomics to deploy for the first time an interoperability framework.
4 iScience 25, 105557, December 22, 2022



Figure 2. Mapping the chemical space

(A) Each node is a measured mass spectral feature arranged based on mass difference. Specifically, within one cluster, mass increase in the multiple of

14.01565 Da (corresponding to CH2) from top to bottom and decrease in the multiple of 2.01565 Da (corresponding to 2H, i.e., formation of double bound)

from right to left. Additionally, clusters horizontally differ by 15.99492 Da (corresponding to O) and vertically differ by 17.02655 Da (corresponding to NH3).

Some of these features were previously assigned to compounds with various degrees of confidence, this is reflected by node shape. Some of these

assignments are annotated in the figure to ease interpretation. Nodes are colored based on estimated formulas (negative mode: non-nitrogen compounds

in green and nitrogen-containing compounds in blue; positive mode: non-nitrogen compound in purple and nitrogen-containing compounds in orange).

Darker shades indicate compounds with a greater number of oxygen atoms. See Cytoscape file in Data S1 for more features and detailed annotation.

(B) Correlation network (rspearman > = 0.8 and p-value < = 0.01) of 846 core breath features suggests features with similar chemical formulas tend to cluster

together. Node shape and color follow the same rule as in panel A.
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Figure 3. Mapping of the metabolic network and inter-subject stability regions

(A) Upset plot representing the overlap of compounds assigned to core breath features from different databases. Magenta overlay shows the number of

compounds from KEGG map 01100.

(B) Upset plot indicating the overlap of compounds from KEGG across various pathways from ‘‘Metabolism’’ pathway class. Red overlay bars show the

proportion of compounds with significantly different levels among subjects.

(C) Figure shows the KEGG’s metabolic pathways map (i.e., map 01100), where compounds corresponding to core breath features are emphasized by bigger

dots. Color of dot is based on BH-adjusted p-values from ANOVA across subjects at the feature level.
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The use of an external standard gas-mix led us to conclude that the technical variability of a SESI-HRMS instru-

ment is around 20%, which is in line with the variability often reported for mass spectrometry-based metabo-

lomics analyses.36 Besides standardized data collection, a standardized procedure for data processing is also

key to obtain comparable results.34 Because the SESI-HRMS data structure lacks chromatographic separation,

the most common algorithms for pre-processing metabolomics data (e.g. XCMS37) are not suitable for this
6 iScience 25, 105557, December 22, 2022



Figure 4. Features corresponding to compounds from the same pathway tend to cluster together in the correlation network

(A) A simplified custom map (based on KEGG’s map 01100) considering the most represented pathways of exhaled breath. Each node represents a

compound and is colored based on p-value from ANOVA across subjects. Gray nodes represent compounds not detected in core breath features. Whole

map is also divided into different pathway groups, as represented by node border color.

(B) Correlation network (rspearman > = 0.8 and p-value < = 0.01) of features corresponding to compounds from panel A, where node color represents the

pathway group and edge line width represents the strength of correlation. Gray nodes are not part of any pathway group.
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purpose. Recently, we developed a pre-processing pipeline based on the parallel collection of exhaledCO2 to

ensure the downstream analysis of the exhaled end-tidal fraction (European patents No. 20186274.5

and 21185400.5).17 As previously reported,17 we observed subject-independent but molecule-dependent

exhalation patterns for selected aldehyde series for all subjects (Figure S4), highlighting the reproducibility
iScience 25, 105557, December 22, 2022 7
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of SESI-HRMS system. Furthermore, compared to the CV of standard gas-mix (note the use of fifth root trans-

formed values) we observed higher intra-subject CVs for core breath features in all subjects (Figure S5), indi-

cating SESI-HRMS system is suitable to capture inherent biological variability of exhaled breath. Despite highly

standardized data collection procedures, a clear site-driven batch effect was observed. Such an issue is a

typical problem of, not onlymetabolomics-drivenmass spectrometry, but rather a problem afflicting all almost

-omics data and platforms.38 As a matter of fact, we borrowed the batch correction method ComBat, which

was originally developed to adjust microarray expression datasets.39 To minimize the risk of detecting false

significant results, no covariate other than batch (which clearly represent different sites and is low in number

compared to samples) was used during ComBat correction.40,41

Once we ensured the highest possible data quality, the next question we addressed was which metabolic in-

formation is encoded in the core breath fingerprint. During the last years, a number of attempts have been

carried out to identify the chemical structure of a handful of detected metabolites (e.g. u-oxidation pathway

of fatty acids8,12,19,26 and multiple amino acid pathways11,19,42). However, this bottom-up approach seems

largely impractical to cover the �850 breath features detected here. For this reason, we propose a top-

down computational approach combiningmass difference to map the chemical space (Figure 2A), correlation

networks (Figures 2B and 4B) to verify whether they resemble biochemical pathways (Figure 4A) and querying

public databases (Figure 3). This strategy unveiled that most of the detected metabolites can be mapped to

the amino acid, xenobiotic, and carbohydrate metabolic pathways. This is consistent with previous clinical

studies suggesting that indeed some of these pathways (i.e. amino acid metabolism) are altered in patients

with epilepsy.19 Interestingly, we found some metabolic pathways that varied significantly between subjects,

whereas certain specific regions (e.g. TCA cycle) varied little. Overall, around �50% of the detected metabo-

lites varied little between subjects. This insight can be critical for future clinical studies using breath analysis.

In conclusion, in this study, we demonstrated an interoperability framework for standardized and

harmonized data collection and data processing for breath analysis with SESI-HRMS. Using two different

computational approaches, we mapped the biochemical space covered by the main metabolites detected

by this technique. We unveiled previously undetected homologous series of aldehydes and fatty acids in

breath and found amino acid, xenobiotic, and carbohydrate metabolic pathways to be the most covered

ones. The interoperability framework and the insights into the biological variability and metabolic

coverage presented here will help to design and conduct large-scale multicentric clinical studies in preci-

sion medicine using breath metabolomics. Future hypothesis-driven clinical studies may target conditions

where alterations of the above-mentioned pathways are expected.
Limitations of the study

This study has some limitations to be noted. First, the number of sites and subjects included was rather

small, possibly leading to an overestimation of biological variability. Second, the identification of metab-

olites in breath was based on database matching using the measured accurate masses (within 2 ppm),

therefore biochemical interpretation should be done with caution. Further, UPLC-MS/MS analysis using

chemical standards would be required to increase the confidence in compound identification. Third, we

did not have detailed data on the subjects’ diet or other factors that might influence metabolism, therefore

we could not further assess the inter-subject variability attributable to these factors. However, the herein

presented results are of sufficient precision to guide future large-scale multicentric clinic trials.
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B Untargeted pre-processing of mass spectral data
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Macia Santiago, M., Vidal deMiguel, G., Frey,
U., and Sinues, P. (2019). Standardization
procedures for real-time breath analysis by
secondary electrospray ionization high-
resolution mass spectrometry. Anal. Bioanal.
Chem. 411, 4883–4898. https://doi.org/10.
1007/s00216-019-01764-8.

18. Gisler, A., Lan, J., Singh, K.D., Usemann, J.,
Frey, U., Zenobi, R., and Sinues, P. (2020).
Real-time breath analysis of exhaled
compounds upon peppermint oil ingestion
by secondary electrospray ionization-high
resolution mass spectrometry: technical
aspects. J. Breath Res. 14, 046001. https://
doi.org/10.1088/1752-7163/ab9f8b.

19. Singh, K.D., Osswald, M., Ziesenitz, V.C.,
Awchi, M., Usemann, J., Imbach, L.L., Kohler,
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REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Raw data MetaboLights

https://www.ebi.ac.uk/metabolights

MetaboLights: MTBLS5657

Software and algorithms

MATLAB version 2021a MathWorks Inc., USA https://ch.mathworks.com

Thermo Exactive Plus Tune

software version 2.9

Thermo Fisher Scientific, Germany https://www.thermofisher.com

RawFileReader version 5.0.0.38 Thermo Fisher Scientific, Germany https://www.thermofisher.com

Cytoscape version 3.8.2 Cytoscape https://cytoscape.org,

RRID: SCR_003032

MetaboAnalystR version 3.0.3 MetaboAnalyst https://www.metaboanalyst.ca/,

RRID: SCR_015539

R version 4.1.0 The Comprehensive R

Archive Network (CRAN)

https://cran.r-project.org,

RRID: SCR_001905

Other

TaperTip silica capillary emitter New Objective, USA https://www.mswil.com

Bacterial filters Vyaire Medical, USA MicroGardTM II, https://www.vyaire.com

SESI source FIT, Spain SUPER SESI, https://www.fossiliontech.com

Mass spectrometer Thermo Fisher Scientific, Germany Q Exactive Plus,

https://www.thermofisher.com

Gas dilution calibrator Sabio Environmental, USA Model 2010, https://www.sabio.com

Standard gas mixture Dalian Special Gases, China http://www.dl-gas.com
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by

the lead contact Pablo Sinues (pablo.sinues@unibas.ch).

Materials availability

This study did not generate new unique reagents.

Data and code availability

� The RAW files of the real-time breath measurements are available from the repository MetaboLights:

MTBLS5657 (https://www.ebi.ac.uk/metabolights).

� This paper does not report original code.

� Any additional information required to reanalyze the data reported in this paper is available from the

lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Human breath samples

270 real-time breath measurements were acquired from nine healthy adults (30G 5 years, meanG SD; four

females and five males; 30 measurements each) in three sites (Zurich and Basel in Switzerland and Guangz-

hou in China) following data acquisition SOP. Due to deviation from the specified SOP, 15 breath measure-

ments were excluded from further analysis, leading to a total of 255 measurements. Each measurement

consists of 5–6 prolonged exhalations directly into the SESI-HRMS system both in positive and negative
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ion mode (resulting in 510 RAW data files). Typically, each measurement takes 15–20 min to finish and sub-

ject performed 1–2 measurements per day during the time frame of six weeks.

Subjects refrained from using cosmetics, eating or drinking anything (except water) and cleaning their

mouth (i.e. brush, mouthwash etc.) for at least 1 h prior to the breath measurement in order to avoid con-

founding mass features. The Ethics Committee of Northwest and Central Switzerland (ID 2018–01324)

approved the study protocol and written informed consent was obtained at enrollment.
METHOD DETAILS

Analytical platform for breath samples

The SESI-HRMS analytical platform consisted of an exhalation interface (Exhalion, FIT Spain) for real-time

time display of CO2, flow rate, exhaled volume and pressure drop, and an ion source (Super SESI, FIT Spain)

coupled to a high-resolution mass spectrometer (Q-Exactive Plus, Thermo Fisher Scientific, Germany). Ex-

halion was calibrated weekly with 5% CO2. Commercially available bacterial filters (MicroGardTM II, Vyaire

Medical, USA) were used as mouthpieces and replaced weekly. Mass spectra were acquired in full scan

mode over a range from m/z 70–1000 with a resolution on the order of 140,000 for positive and negative

modes. Two microscans, automatic gain control (AGC) target of 1e6 and maximum injection time of

500 ms were applied. Q Exactive Tune software (version 2.9) was used to directly control mass spectrometry

for real-timemeasurements. Furthermore, themass spectrometer was externally calibrated on a weekly ba-

sis using a customized calibration option and internally calibrated during each measurement by enabling

lock mass (Table S3). For the electrospray formation, a 20-mm ID non-coated TaperTip silica capillary

emitter (New Objective, Woburn, MA) and 0.1% formic acid in water were used with the following settings:

sheath gas flow rate 60, auxiliary gas flow rate 2, spray voltage 3.5 kV, capillary temperature 275�C, and
S-lens RF level 55. The electrospray solution was replaced every second week and capillaries were replaced

weekly. The Super SESI solvent reservoir pressure was set to 1.3 bar. The temperature of the ion chamber

was set to 90�C and the sampling line temperature was set to 130�C. The exhaust mass flow controller of

SUPER SESI was set at 0.7 L/min and nitrogen mass flow through the source was set at 0.4 L/min to ensure a

constant fraction of breath entering the ionizer (0.3 L/min).
Quality control

The standardized data collection involved a quality control (i.e. system suitability test, SST) of the analytical

platform by using a standard gas-mix prior to measuring the first breath sample of the day. When the sta-

bility of the analytical platform was ensured, breath samples were acquired adhering to a previously

described protocol (Figure 1). For the quality control 2 ppm of a standard gas-mix (Dalian Special Gases,

Dalian, China) containing eight compounds (Table S1) was infused with a flow of 10 L/min using a gas dilu-

tion calibrator (Model 2010, Sabio Environmental, Round Rock, USA). The acquired file was then uploaded

to a self-developed MATLAB-app (version 2.2) using Hotelling’s T2 (scalar number that summarizes all

the score values from PCA) to compare against the historical standard gas-mix signal (Figure S1). For a suc-

cessful SST the standard gas-mix measurement must a) fall within the 95% CI of the previous values, b)

adhere to the Nelson Rules and c) show a signal intensity greater than 1e7 for a-Terpinene. As an additional

feature the MATLAB-app provides a comparison of the background ions between the current measure-

ment and previous measurements to indicate potential contamination in the instrument.
QUANTIFICATION AND STATISTICAL ANALYSIS

Untargeted pre-processing of mass spectral data

Pre-processing of exhaled breath data were performed using our patented data processing pipeline (Eu-

ropean patent No. 20186274.5 and 21185400.5). Briefly, RAW files were read and converted into MATLAB

structure using an in-house C# console app based on an open-source.Net assembly from Thermo Fisher

Scientific called RawFileReader (version 5.0.0.38). The time during which CO2 concentrations was above

3% (measured by the Exhalion) was used to define exhalation time windows. Features from all files were

centroid (intensity higher than 1e4), appropriately combined usingMATLAB’s ksdensity function and corre-

lated with exhalations (i.e. CO2 trace) to generate a final feature list of size 3198. Then, using the time-trace

of each feature, an area under the cure (nAUC) normalized to exhalation time was calculated to depict

breath-levels of the respective feature. Later, the final data matrix was transformed to fifth root to reach

normally distributed data for further analyses.
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