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Real-time breath analysis has shown potential as a non-invasive method for detecting oxidative stress and airway inflammation. However, there is a lack of data on the association of full-breath profiles with established urinary biomarkers of oxidative stress and respiratory inflammation, which could help advance the implementation of this method in clinical practice. We analyzed breath profiles of 25 tobacco smoke-exposed and 103 non-exposed children via real-time secondary electrospray ionization high-resolution mass spectrometry (SESI-HRMS) and determined in parallel the urinary concentrations of biomarkers of oxidative stress and respiratory inflammation. We evaluated the correlation between breath features and urinary biomarkers and tested the prediction of these biomarkers by exhaled breath. We found 71 breath features that correlated significantly with the urinary oxidative stress marker 8-iso-prostaglandin F2α (8-iso-PGF2α). The agreement (mean ± standard deviation) (Lin’s concordance correlation) between breath-predicted and actual urinary 8-iso-PGF2α levels was 0.37 (0.05). In conclusion, our results suggest that the real-time breath analysis via SESI-HRMS has promising potential to gauge oxidative stress.
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INTRODUCTION
Oxidative stress and airway inflammation increase the risk for the development and progression of respiratory disease in children (Cheraghi and Salvi, 2009; Noutsios Georgios and Floros, 2014). Therefore, sensitive diagnostic methods are needed to detect these biochemical processes. However, most established methods for detecting oxidative stress or airway inflammation are invasive or have limited specificity for the airways, requiring induced sputum, tissue, blood, or urine samples. Breath-based analytical methods offer an attractive opportunity for non-invasive and lung-specific assessments of oxidative stress (Amann et al., 2014) and airway inflammation (Dweik et al., 2011) at the molecular level. Nevertheless, except for the measurement of exhaled nitric oxide (FeNO) to assess endobronchial inflammation, the majority of these methods are not yet used in clinical practice. Particularly attractive are breath analysis methods that allow real-time and parallel evaluation of multiple biomarkers without any sample pretreatment that could compromise the results (e.g., proton-transfer-reaction mass spectrometry, PTR-MS (Blake et al., 2009); selected-ion flow-tube mass spectrometry, SIFT-MS (Španěl and Smith, 2011); and secondary electrospray ionization high-resolution mass spectrometry, SESI-HRMS (Li et al., 2006)). Previous studies have already shown that features related to oxidative stress and airway inflammation can be detected in breath using such real-time breath analysis methods (García-Gómez et al., 2015). However, no study to date has further explored the potential of real-time breath analysis to detect oxidative stress and airway inflammation by parallelly assessing breath features and already established urinary biomarkers for these processes (e.g., 8-iso-prostaglandin F2α (8-iso-PGF2α) (van 't Erve et al., 2015; Zhang et al., 2010), cysteinyl leukotriene receptor 1 (CysLTR1) (Hui and Funk, 2002), and 11β-prostaglandin F2α (11β-PGF2α) (Ricciotti and FitzGerald, 2011)) in a population where different biomarker levels can be expected. The comparison with established urinary tests can help validate the breath test, which benefits from not requiring sample preparation and providing diagnostic results almost in real time.
Our primary aim was to assess the correlation of breath features with the urinary biomarkers of oxidative stress and airway inflammation in tobacco smoke-exposed and unexposed children, for whom we expect different concentrations of these biomarkers. Our secondary aim was to test the prediction of urinary biomarker concentrations by exhaled breath captured via real-time SESI-HRMS, which allows for the contemporaneous detection of a broad spectrum of exhaled features.
MATERIALS AND METHODS
Study population and design
In total, 48 children from smoking households and 112 children from non-smoking households were enrolled in this observational study between April 2018 and August 2021 (online Supplementary Figure S1). Children older than 18 years and those with acute asthma exacerbation, acute inflammatory disease, renal failure or renal replacement, or acute or chronic liver disease were excluded. The sample size was determined while controlling for the false discovery rate (FDR). Assuming a 5% FDR, a 0.7 expected standardized mean difference (Δ/σ) in breath (García-Gómez et al., 2016; Martinez-Lozano Sinues et al., 2014), and 90% power, a sample size of 50 subjects per arm was required. In accordance with the fraction of smokers in the population, twice as many children not exposed to ETS were recruited to ensure a contemporaneous assessment of exposed and non-exposed children. The Ethics Committee of Nordwestern and Central Switzerland approved the study (ID 2017–02038 and EKBB-Nr. 360/11), and written informed consent was obtained during enrollment.
Breath samples
For each child, a breath sample was acquired via real-time SESI-HRMS in the same room, adhering to a standardized protocol (Gisler et al., 2022). Each measurement included six prolonged exhalations, both in positive and negative ionization mode. Children were instructed to remove cosmetics, fast, and refrain from chewing gum or using toothpaste for at least 1 h prior to the measurement to minimize confounding from these factors. The analytical platform consisted of an ion source (SUPER SESI, FIT Spain) coupled to a high-resolution mass spectrometer (Q Exactive Plus, Thermo Fisher Scientific, Germany) and an exhalation interface (Exhalion, FIT Spain) for the parallel assessment of CO2, flow rate, exhaled volume, and pressure drop. Commercially available bacterial filters (MicroGard, Vyaire Medical, United States) were used as mouthpieces. Mass spectra were acquired in the full scan mode over a range of m/z 100–400 with a resolution of 140,000 for positive and negative ionization mode. Two microscans, an automatic gain control (ACG) target of 1*106, and a maximum injection time of 500 ms were applied. For electrospray formation, a 20-µm ID non-coated TaperTip silica capillary emitter (New Objective, Woburn, MA) and 0.1% formic acid in water were used. 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. To further minimize the adsorption of analytes on the system walls, the sampling line and the core of the ionization chamber were coated with silica. A stream of clean nitrogen (filtered through a built-in active charcoal filter) was used to flush the ion source between breath measurements. The exhaust mass flow controller was set at 0.7 L/min, and the nitrogen mass flow through the source was 0.35 L/min to ensure a constant fraction of breath entering the ionizer (0.3 L/min). Internal and external calibration of the mass spectrometer were performed regularly.
Urinary samples
During the same visit when the breath sample was taken, a urine sample was collected. Urine samples were collected in 2-mL sterile microtubes (Sarstedt, Nümbrecht, Germany) and stored at −80°C until further analysis. Enzyme-linked immunosorbent assays (ELISAs) were used to assess the following: a) levels of cotinine (BioVision, United States) to classify ETS exposure (urine cotinine≥1800 pg/mg creatinine), b) levels of 8-iso-PGF2α (Cell Biolabs, United States), c) levels of CysLTR1 (Reddot Biotech, Canada), and d) levels of 11β-PGF2α (Cayman Chemicals, United States). The following limits of detection (LOD) were applied to the ELISAs (mean measured blanks + 3 standard deviations): cotinine, 2.864 ng/mL; 8-iso-PGF2α, 158.796 pg/mL; CysLTR1, 0.264 ng/mL; and 11β-PGF2α, 0.134 pg/mL. All ELISA kits were used according to the manufacturer’s protocols. For all urinary markers, a blank was subtracted from the measured concentration. Concentrations were set to 0 when blank concentration > measured concentration. All zeros were then replaced using regression on order statistics (ROS) using the NADA package in R. Consequently, creatinine levels assessed using ELISA (Invitrogen, Thermo Fisher, United States) were used to adjust the concentrations of all urinary biomarkers, which were then reported in units of pg/mg.
Data analysis
Data preprocessing and statistical analyses were performed using MATLAB (version 2022a, MathWorks Inc., United States).
Preprocessing breath data
Untargeted analysis was performed for mass spectral breath data to evaluate the entire exhaled metabolic profile. RAW files were converted to MATLAB structure using Thermo’s RawFileReader. Peak alignment and mass calibration were ensured by i) performing internal and external calibration before data acquisition (lock masses and room air) and ii) further calibrating the mass spectra during post-acquisition using reference peaks. The feature list was generated from the centroid peak list via binning using ksdensity. Exhalation time windows were defined by CO2 concentrations above 2.5% (as measured by Exhalion). Subsequently, average mass spectra were computed for the corresponding exhalation scans using Thermo’s RawFileReader. Only peak centroids with signal intensity above 10 a.u. in Thermo’s signal intensity scale were selected to define the feature list. Subsequently, features occurring in >80% of the samples from ETS-exposed children were considered for further analysis. For those features, molecular formulas were assigned based on the accurate mass, considering the elements C, H, N, O, and S (Kind and Fiehn, 2007), and the following adducts: [H], [-H2O+ H], and [-H2O- H]. Zeros in the signal intensity of selected features were replaced using regression on order statistics using the NADA package in R.
Statistical tests
Correlations between urinary biomarkers themselves and between urinary biomarkers and breath features were calculated using Spearman’s correlation (ρ). Wilcoxon signed-rank tests were used to compare the levels of urinary biomarkers and breath profiles between ETS-exposed and non-exposed children. The false discovery rate (FDR) for multiple tests was controlled using the Benjamini–Hochberg (BH) method.
Prediction of urinary biomarkers
The breath-based prediction was evaluated for urinary biomarkers that revealed significant correlations (BH-adjusted p-values from Spearman’s correlation ≤0.01) with multiple breath features. For the prediction of urinary biomarker concentrations, we divided the study population into a training set (n = 90) and a test set (n = 38). To identify the best predictors, automatic variable selection was performed in the training set using the MATLAB algorithms ReliefF and TreeBagger. For the final prediction models, we screened 16 different regression models in the training set using the top 30 predictors identified in≥9000 out of 10,000 iterations. Finally, mean (± SD) Lin’s concordance correlation coefficient (CCC) (Lin, 1989) was calculated in the test set for the best-performing regression models to quantify the agreement between the actual and the breath-predicted urinary biomarker concentrations.
RESULTS
In total, 128 out of 160 children were included in the final analysis. From the final study sample of 128 children (online Supplementary Figure S1), 25 were exposed to ETS according to their cotinine level (urine cotinine≥1800 pg/mg creatinine). Details on the study design, study population, and urinary biomarker concentrations are outlined in Figure 1 and Table 1.
[image: Figure 1]FIGURE 1 | Overview of the study design (created with BioRender.com).
TABLE 1 | Study population and distribution of urinary biomarkers.
[image: Table 1]We identified 71 breath features that correlated significantly (BH-adjusted p-values from Spearman’s correlation ≤0.01) with the urinary oxidative stress marker 8-iso-PGF2α (online Supplementary Table S2). Of those breath features, 28 correlated positively and 43 correlated negatively with urinary 8-iso-PGF2α. We found no correlations between breath features and any of the other urinary biomarkers—cotinine, CysLTR1, 11β-PGF2α (Figure 2B; BH-adjusted p-values from Spearman’s correlation >0.01).
[image: Figure 2]FIGURE 2 | (a) Distribution of urinary biomarker concentrations in ETS exposed vs. non-exposed children. (b) Distribution of Benjamini–Hochberg (BH)-adjusted p-values from Spearman’s correlation of 3,126 breath mass spectral features and 4 urinary biomarkers (namely, cotinine, 8-iso-PGF2α, 11β-PGF2α, and CysLTR1); the red vertical line indicates the applied threshold for significance (adjusted p-value ≤0.01).
Because several breath features correlated significantly (BH-adjusted p-values from Spearman’s correlation ≤ 0.01) with urinary 8-iso-PGF2α, we tested the prediction of this biomarker by exhaled breath. The agreement (mean (± SD) Lin’s CCC) between breath-predicted and actual concentrations of urinary 8-iso-PGF2α was 0.37 (0.05).
Concentrations of urinary 8-iso-PGF2α, CysLTR1, and 11β-PGF2α did not correlate with those of urinary cotinine (Spearman’s correlation p-values >0.05; online Supplementary Table S1) and consequently did not differ between ETS-exposed and non-exposed children (Figure 2A; p-values from Wilcoxon signed-rank test: 8-iso-PGF2α = 0.287, 11β-PGF2α = 0.160, and CysLTR1 = 0.333). We also found that the breath profiles of ETS-exposed and non-exposed individuals did not differ (BH-adjusted p-values from the Wilcoxon signed-rank test >0.05).
DISCUSSION
In this study, we analyzed full breath profiles of ETS-exposed and non-exposed children alongside established urinary biomarkers of oxidative stress and airway inflammation to evaluate the correlation between the two modalities. We found multiple breath features correlating with the urinary oxidative stress marker 8-iso-PGF2α and showed that this biomarker could be predicted reasonably well by exhaled breath. To the best of our knowledge, this is the first study to evaluate correlations between the concentrations of urinary oxidative stress and airway inflammation markers and exhaled breath profiles acquired via real-time SESI-HRMS.
We found no correlations between the urinary biomarkers (8-iso-PGF2α, 11β-PGF2α, and CysLTR1) and the level of ETS exposure, as measured by the creatinine-adjusted cotinine level. We assume that, in general, the ETS exposure was too low (median cotinine in ETS-exposed group: 11,286 pg/mg creatinine) to cause an effect that is measurable in the urine. Nevertheless, and independent of ETS exposure, we observed low but varying concentrations of the oxidative stress marker 8-iso-PGF2α in our study population. Interestingly, even these very low concentrations of 8-iso-PGF2α correlated significantly with the signal intensity of 71 breath features. We assume that this correlation can also be found for clinically relevant concentrations of this oxidative stress marker.
In addition, we observed that urinary 8-iso-PGF2α concentrations can be predicted reasonably well (mean Lin’s CCC: 0.37) by several metabolites in breath. These findings support the previously identified potential of SESI-HRMS to gauge oxidative stress non-invasively and in real-time (García-Gómez et al., 2015). To further evaluate these results, a study in a population with a broader range of oxidative stress levels, including children with typically elevated concentrations (e.g., pulmonary diseases), is needed. We did not detect correlations between breath and the airway inflammation markers 11β-PGF2α and CysLTR1. Possibly, the signal intensity of the correlating metabolites in the breath was too low, or the corresponding metabolites were not volatile and therefore could not be detected in exhaled breath.
The limitations of this study include i) a thorough compound identification for correlating breath features that remains to be accomplished. ii) The prediction of urinary biomarkers by exhaled breath has not been externally validated in an independent cohort of children.
In conclusion, our results suggest that the real-time breath analysis via SESI-HRMS has promising potential as an adjunct to existing diagnostic methods for monitoring oxidative stress, even at relatively low levels. Our findings may open new opportunities for the non-invasive detection of respiratory disease, which is particularly relevant to the pediatric population.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.
ETHICS STATEMENT
The studies involving humans were approved by Ethikkommission Nordwest-und Zentralschweiz (EKNZ); Tellplatz 11, 4053 Basel, Tel. 004161 268 13 50, Email: eknz@bs.ch. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation in this study was provided by the participant or the participants’ legal guardians/ next of kin.
AUTHOR CONTRIBUTIONS
AG: writing–original draft and writing–review and editing. KS: writing–original draft and writing–review and editing. AM: formal analysis, writing–original draft, and writing–review and editing. FD: investigation and writing–review and editing. UF: conceptualization, writing–original draft, and writing–review and editing. PS: writing–original draft and writing–review and editing. JU: writing–original draft and writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. AG was funded by the “Forschungsfond exzellenter Nachwuchsforschender” of the University of Basel issued to JU. The study was funded by the UZH Foundation and the Swiss National Science Foundation (grant 20300_204717 and PCEGP3_181300) issued to PS.
ACKNOWLEDGMENTS
The authors would like to thank the participants who volunteered to take part in this study; the BILD study group and the BILD cohort team; Nadine Oser for patient recruitment; and Fiona Beck for critical reading of the manuscript. Mélina Richard is gratefully acknowledged for the study coordination. This work is part of the Zurich Exhalomics project under the umbrella of the University Medicine Zurich/Hochschulmedizin Zürich.
GENERATIVE AI STATEMENT
The authors declare that no Generative AI was used in the creation of this manuscript.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmolb.2025.1511119/full#supplementary-material
REFERENCES
 Amann, A., Miekisch, W., Schubert, J., Buszewski, B., Ligor, T., Jezierski, T., et al. (2014). Analysis of exhaled breath for disease detection. Annu. Rev. Anal. Chem. (Palo Alto Calif) 7, 455–482. doi:10.1146/annurev-anchem-071213-020043
 Blake, R. S., Monks, P. S., and Ellis, A. M. (2009). Proton-transfer reaction mass spectrometry. Chem. Rev. 109, 861–896. doi:10.1021/cr800364q
 Cheraghi, M., and Salvi, S. (2009). Environmental tobacco smoke (ETS) and respiratory health in children. Eur. J. Pediatr. 168, 897–905. doi:10.1007/s00431-009-0967-3
 Dweik, R. A., Boggs, P. B., Erzurum, S. C., Irvin, C. G., Leigh, M. W., Lundberg, J. O., et al. (2011). An official ATS clinical practice guideline: interpretation of exhaled nitric oxide levels (FeNO) for clinical applications. Am. J. Respir. Crit. Care Med. 184, 602–615. doi:10.1164/rccm.9120-11ST
 García-Gómez, D., Gaisl, T., Bregy, L., Martínez-Lozano Sinues, P., Kohler, M., and Zenobi, R. (2016). Secondary electrospray ionization coupled to high-resolution mass spectrometry reveals tryptophan pathway metabolites in exhaled human breath. Chem. Commun. 52, 8526–8528. doi:10.1039/c6cc03070j
 García-Gómez, D., Martínez-Lozano, S. P., Barrios-Collado, C., Vidal-de-Miguel, G., Gaugg, M., and Zenobi, R. (2015). Identification of 2-alkenals, 4-Hydroxy-2-alkenals, and 4-Hydroxy-2,6-alkadienals in exhaled breath condensate by UHPLC-HRMS and in breath by real-time HRMS. Anal. Chem. 87, 3087–3093. doi:10.1021/ac504796p
 Gisler, A., Singh, K. D., Zeng, J., Osswald, M., Awchi, M., Decrue, F., et al. (2022). An interoperability framework for multicentric breath metabolomic studies. iScience 25, 105557. doi:10.1016/j.isci.2022.105557
 Hui, Y., and Funk, C. D. (2002). Cysteinyl leukotriene receptors. Biochem. Pharmacol. 64, 1549–1557. doi:10.1016/s0006-2952(02)01357-6
 Kind, T., and Fiehn, O. (2007). Seven Golden Rules for heuristic filtering of molecular formulas obtained by accurate mass spectrometry. BMC Bioinforma. 8, 105. doi:10.1186/1471-2105-8-105
 Li, H., Zhu, J., and Hill, J. E. (2006). Secondary electrospray ionization mass spectrometry for breath studies. Encycl. Anal. Chem. Appl. Theory Instrum. , 1–14. doi:10.1002/9780470027318.a9607
 Lin, L. I. (1989). A concordance correlation coefficient to evaluate reproducibility. Biometrics 45, 255–268. doi:10.2307/2532051
 Martinez-Lozano Sinues, P., Meier, L., Berchtold, C., Ivanov, M., Sievi, N., Camen, G., et al. (2014). Breath analysis in real time by mass spectrometry in chronic obstructive pulmonary disease. Respiration 87, 301–310. doi:10.1159/000357785
 Noutsios Georgios, T., and Floros, J. (2014). Childhood asthma: causes, risks, and protective factors; a role of innate immunity. Swiss Med. Wkly. 144, w14036. doi:10.4414/smw.2014.14036
 Ricciotti, E., and FitzGerald, G. A. (2011). Prostaglandins and inflammation. Arteriosclerosis, Thrombosis, Vasc. Biol. 31, 986–1000. doi:10.1161/ATVBAHA.110.207449
 Španěl, P., and Smith, D. (2011). Progress in SIFT-MS: breath analysis and other applications. Mass Spectrom. Rev. 30, 236–267. doi:10.1002/mas.20303
 van 't Erve, T. J., Lih, F. B., Kadiiska, M. B., Deterding, L. J., Eling, T. E., and Mason, R. P. (2015). Reinterpreting the best biomarker of oxidative stress: the 8-iso-PGF(2α)/PGF(2α) ratio distinguishes chemical from enzymatic lipid peroxidation. Free Radic. Biol. & Med. 83, 245–251. doi:10.1016/j.freeradbiomed.2015.03.004
 Zhang, H., Il’yasova, D., Sztaray, J., Young, S. P., Wang, F., and Millington, D. S. (2010). Quantification of the oxidative damage biomarker 2,3-dinor-8-isoprostaglandin-F(2alpha) in human urine using liquid chromatography-tandem mass spectrometry. Anal. Biochem. 399, 302–304. doi:10.1016/j.ab.2009.12.024
Conflict of interest: PS is a cofounder of Deep Breath Intelligence AG (Switzerland). KS is a consultant for Deep Breath Intelligence AG (Switzerland).
The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2025 Gisler, Singh, Marten, Decrue, Frey, Sinues and Usemann. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fmolb-12-1511119-t001.jpg
Sample size

Self-reported ETS exposure, n (%)

Female individuals, n (%)

Age in years, mean (SD)

Cough this week, n (%)

Cough last 12 months, n (%)

Wheeze this week, n (%)

Wheeze last 12 months, n (%)

Inhalative steroids” n (%)

Cotinine pg/mg creatinine, median (IQR)
8-is0-PGF2a pg/mg creatinine, median (IQR)
11-PGF2a pg/mg creatinine, median (IQR)

CysLTRI1 pg/mg creatinine, median (IQR)

"ETS non-exposed: urine cotinine <1800 pg/mg creatinine; ETS exposed: urine cotinine>1800 pg/mg creatinine.

bNumber (%) of children who used inhalative steroids in the past 12 months.

Total

128

41(32)

63 (49)

87(35)

28(22)

68 (54)

7(6)

24(20)

11(9)

197 (1069)

1439 (1443)

1056 (1009)

187 (564)

18(17)

47 (46)
86(3.5)
18(17)
60 (58)
30
21(20)
70)
128 (290)
1475 (1387)
1028 (985)

180 (539)

S exposed?

25

23(92)

16 (64)

95(3.6)

10 (40)

8(32)

4(16)

3(12)

4(16)

11,286 (17,667)

1192 (1495)

1386 (976)

255 (671)






OPS/xhtml/nav.xhtml
Contents

		Cover

		Urinary marker of oxidative stress in children correlates with molecules in exhaled breath		Introduction

		Materials and methods		Study population and design

		Breath samples

		Urinary samples

		Data analysis





		Results

		Discussion

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Acknowledgments

		Generative AI statement

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Molecular Biosciences






OPS/images/fmolb-12-1511119-g001.gif





OPS/images/fmolb-12-1511119-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Molecular Biosciences





