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ABSTRACT

Aim. To evaluate the diagnostic accuracy of a developed gas analysis sensor system combined with neural network
algorithms for detecting lung cancer based on volatile organic compounds in exhaled breath.

Materials and methods. The study group included 53 exhaled breath samples from patients with morphologically
confirmed stage I-IV lung cancer. The control group (n = 47) consisted of individuals with no history or prior
diagnostic findings of cancers at the time of enrollment. The study was conducted using the developed Multisensory
Gas Analysis System, comprising an array of semiconductor sensors and implementing neural network data
processing algorithms.

Results. The experimental results of classifying lung cancer patients and healthy volunteers demonstrated distinct
differences in the exhaled breath samples. The system achieved the accuracy of 95.8%, sensitivity of 98.1%, and
specificity of 93.6%. In a series of experiments with balanced stage distribution (stages I-1I vs. stages I1I-1V), the
mean classification accuracy was 75%, with sensitivity and specificity ranging from 65 to 80%. Both prepped and
non-prepped patients showed comparable results, confirming the reproducibility of the method. The accuracy level
of 75% allowed for the differentiation between early- and late-stage disease samples.

Conclusion. The developed system demonstrates high diagnostic performance, surpassing existing methods,
including low-dose computed tomography. The findings support the potential of this technology for both early
detection and staging of lung cancer.

Keywords: lung cancer, exhaled breath, volatile organic compounds, sensory gas analysis system, non-invasive
diagnosis, neural network
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PE3IOME

Hens. Onpenenuts ANArHOCTHIECKYIO 3P (PEKTHBHOCTH Pa3pabOTaHHOTO Ta30aHATUTHYECKOTO CEHCOPHOTO KOM-
IUIEKCA B COUETAHHH C AITOPHTMAMH HCKYCCTBEHHOI HEHPOHHOM CETH AJISI BRISABICHHS paka JIETKOTO IO MapKep-
HBIM JIETYYUM OPTaHUYECKUM COCTMHEHHMSIM B BBIIBIXaEMOM BO3/IyXeE.

Marepuajbl M MeToAbl. B Hccienyemyto rpyminy BKIOYEHbI 53 mpoObl BBIABIXaEMOrO BO3JyXa OT HAIMeH-
TOB ¢ MOP(oJIOTHYECKH MOATBEPKACHHBIM pakoM Jjerkoro I-1V craguii. Kontponsnas rpynmna (n = 47) cocto-
sila U3 JIMI, He MMEIOIIMX Ha MOMEHT BKJIIOYEHMS B MCCIIEIOBaHHE IPHU3HAKOB OHKOJOTHYECKHX 3a00ieBaHMIt
0 JIJAaHHBIM aHaMHe3a ¥ (WIN) IPEALIECTBYIONX JHarHOCTHYECKNX MEpONpUATHiA. McenenoBanue npoBoauiIoch
C MOMOIIBIO Pa3pabOTaHHOTO MYJIbTHCEHCOPHOTO Ta30aHAIUTHYECKOTO KOMIUIEKCa, COCTOSIIEro U3 Habopa moiry-
HPOBOHUKOBBIX CEHCOPOB U PEAIM3YIOIIET0 AJITOPUTMBI HEHPO-ceTeBOl 00pabOTKU AaHHBIX.

Pe3yabTarthl. [lonyyeHHbIC NPH MPOBEICHUN 3KCIICPUMEHTOB MO KJIaCCH(DUKAIMK MAMEHTOB C PAKOM JIETKOTO
1 3710pOBBIX JIOOPOBOJIBIICB PE3yJIbTATHI MOKA3BIBAIOT HAIMYKE SIBHBIX MPH3HAKOB PAa3JIMYUs B MPOOaX BbIIbIXKA-
emoro Bo3ayxa. Tounocth coctaBuna 95,8 %, uyBcTBUTENBHOCTH — 98,1% U cnenuduynocts — 93,6%. B cepuun
9KCIIEPUMEHTOB C paBHbIM pacupezenenuem craauii (I-11 u [II-1V) cpenuss ToyHOCTH KIIacCU(pUKAIMY COCTAaBHIIA
75%., 4yBCTBUTENBHOCTH U CIEUPUIHOCTE — 65—80%. [10IrOTORICHHBIC M HEMOATOTOBICHHBIC MAIIUCHTHI JIEMOH-
CTPUPOBAIIM COMOCTABUMBIE PE3YJIbTAThI, YTO MOJITBEP)KAAET BOCHPOU3BOJAUMOCTb METO/AA. YPOBEHb TOUHOCTH
75% mo3BOJISET pa3inyaTh MPOOBI OT MAIUCHTOB C PAHHUMH U [TO3IHUMHU CTAIUAMH 3a00JICBaHHS.

3axka0yenne. Pa3paboTaHHBIH KOMIUIEKC IEMOHCTPHUPYET BBICOKYIO THATHOCTHIECKYIO 3 QEKTHBHOCTD, IIPEBOC-
XOJISIIYIO CYIIECTBYIOIMINE METOMBI, BKIIIOUas HU3KOJ03HYIO KOMIIBIOTEPHYIO ToMorpaduto. [TomydyeHHbIe TaHHbIE
MOATBEPIKAAIOT MEPCIIEKTUBHOCTh TEXHOJIOTHH KakK ISl PAHHETO BBISIBICHUS, TaK W JUIS CTaJUPOBAHMUS paKa JieT-
KOTO.

KiroueBble cioBa: paxk JIETKOTro, BLIZ[BIXaGMBIﬁ BO3YX, JETYy4YUE€ OPraHUYCCKUEC COCIUHCHUS, CeHCOpHBIﬁ ras3o-
AHATUTUICCKUN KOMIUICKC, HCUHBa3uBHas JUarHOCTUKaA, HeﬁpOHHaﬂ CCTh

KonpaukT nHTEpecoB. ABTOPHI JEKIAPUPYIOT OTCYTCTBUE SIBHBIX U MOTEHIMAIBHBIX KOH(INKTOB HHTEPECOB,
CBSI3aHHBIX C MyOIUKanKeil HaCTOSIIEeH CTaThH.

88 BionneteHb cMbupckoit MeguLmHbl. 2025; 24 (4): 87-94



Original articles

Hcrounuk ¢puHancupoBanus. VccienoBanue BBITONHEHO 3a cyeT rpanTta Poccuiickoro Hayunoro donma Ne 23-

15-00177, https://rscf.ru/ project/23-15-00177.

CooTBeTcTBHE MPUHIMMIAM dTHKHU. Bee nuia moanvcani nHGOPMUPOBAHHOE COTJIACHE HA y4acTHE B UCCIEI0-
BaHuH. VccnenoBanue 0J00peHO JTOKAIBHBIM dTHaeckuM komuterom HUU onkonorun Tomckoro HUMI] (ipo-

Tokoi Ne 3a ot 25.03.2020).

Js nuruposanmsi: Poguonos E.O., [Tomonsko J1.B., O6xonckuit A.B., O6xoackas E.B., Musnep C.B., Kyns6a-
kuH JI.E., CaukoB B.U., [ToroB A.C., Jlakoukun B.C., Uepnos B.W. /luarnocrrka paka jierkoro Ha OCHOBE aHaJIu-
3a JIETYYHX MapKepOB B BBIIBIXaEMOM BO31yxe. bronemens cubupckoi meduyunst. 2025;24(4):87-94. https://doi.

0rg/10.20538/1682-0363-2025-4-87-94.

INTRODUCTION

Lung cancer remains a critical global public health
burden, accounting for some of the highest incidence
and mortality rates among all malignancies. These
unfavorable outcomes are largely attributable to late-
stage diagnosis, when curative treatment options are
limited and prognosis is poor [1, 2].

Conventional imaging modalities, although
indispensable, often lack the sensitivity required for
the detection of early-stage disease. This limitation
underscores the pressing need for non-invasive,
rapid, and cost-effective screening strategies capable
of facilitating earlier diagnosis and, ultimately,
improving clinical outcomes.

Exhaled breath analysis has emerged as a promising
non-invasive diagnostic modality. It is based on
the qualitative and quantitative characterization
of volatile organic compounds (VOCs) present
in exhaled breath, which collectively reflect the
underlying metabolic state of the body. The rationale
for this approach lies in the premise that a wide range
of VOCs are generated during physiological and
pathological metabolic processes, and that alterations
in their composition and concentration may serve as
surrogate markers of disease [3]. In lung cancer, these
metabolic perturbations are predominantly driven by
heightened oxidative stress, chronic inflammation,
and lipid peroxidation, which result in elevated levels
of alkanes, aldehydes, ketones, and alcohols. Such
compounds are considered to be potential biomarkers
that may not only enable differentiation between
malignant and benign processes but also contribute to
disease staging [4, 5]. Nonetheless, robust analytical
and clinical validation of these candidate biomarkers
remains essential prior to their incorporation into
routine clinical practice, particularly given the
influence of genetic, environmental, and behavioral
variables on VOC profiles across populations.

Established analytical techniques, including gas
chromatography and mass spectrometry, offer high
specificity for VOC detection but are constrained
by prohibitive costs and lengthy processing times.
By contrast, electronic nose (eNose) technologies
allow for a real-time and pattern-recognition-based
assessment of composite VOC signatures, thereby
providing a practical and scalable solution for clinical
deployment. This technology is particularly suited for
point-of-care use, as it integrates rapid analysis with
the capacity to detect early-stage pathological changes
through unique “metabolic fingerprints” of exhaled
breath [6].

The aim of the present study was to evaluate the
diagnostic accuracy of a novel gas analysis sensor
platform combined with artificial neural network-
based algorithms for the detection of lung cancer
through the analysis of VOC biomarkers in exhaled
breath.

MATERIALS AND METHODS

This prospective study was conducted between
2023 and 2025 and aimed to classify individuals with
lung cancer and healthy volunteers using exhaled
breath analysis. A total of 100 validated breath
samples were analyzed, selected from an initial pool
of more than 250 samples. All participants (aged 35—
80 years) were stratified into two groups: the study
(lung cancer) group and the control group.

The study protocol was reviewed and approved
by the Bioethics Committee of the Cancer Research
Institute, a branch of Tomsk National Research
Medical Center of the Russian Academy of
Sciences (Minutes No. 3a dated March 25, 2020).
A written informed consent was obtained from all
participants.

The study group comprised 53 samples obtained
from patients with morphologically confirmed
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primary lung cancer, spanning clinical stages |-
IV (T1-4N0-3MO0-1). The control group (n = 47)
consisted of individuals with no prior, clinical, and
laboratory evidence of malignant disease at the time
of inclusion. Both groups contained samples from
prepared and unprepared patients in approximately
equal proportions (50:50). Efforts were made to
ensure balanced distribution of samples by age, sex,
preparation status, and tumor stage (in the study
group).

Inclusion criteria were: lung cancer in the
medical history (for the study group), absence of
decompensated somatic-symptom  comorbidities,
and age > 18 years. Exclusion criteria were: refusal
to participate in the study, prior history of malignant
disease (for the control group), age < 18 years, acute
infectious disease, antibiotic therapy within the
preceding 30 days, decompensated comorbidities,
pregnancy, or lactation.

All patients in the study group underwent
comprehensive cancer staging in accordance with
the national clinical guidelines for lung cancer [7].
Exhaled breath was collected as the primary biological
sample using previously validated standardized
protocols [8]. The samples were obtained in sterile
5-1 polymer collection bags using two modalities.
For prepared samples, participants abstained from
food (except water), smoking, oral hygiene, and the
use of perfumes or personal care products for at least
6 hours prior to sample collection. These samples
were collected in the morning immediately after
awakening. Unprepared samples were collected in the
afternoon without any restrictions to diet, hygiene, or
activity.

Breath analysis was performed using a
multisensory gas analysis platform comprising 24
semiconductor gas sensors and a humidity sensor.
The platform incorporated artificial neural network
(ANN) algorithms capable of recognizing molecular
signatures in exhaled breath from individuals with
lung cancer and distinguishing them from those of
healthy individuals.

A multilayer perceptron ANN architecture was
employed. Input data consisted of digitized signals
from the gas sensors, categorized according to the
participant groups. Raw sensor outputs were initially
stored in the XML (eXtensible Markup Language)
format, with each file representing one exhaled breath
sample. Each XML file contained integer analog-
to-digital converter (ADC) values (0-1023) for all
Sensors.

Given the large volume of raw data, preprocessing
was performed to optimize computational efficiency
without compromising classification accuracy. XML
data were converted into consolidated text files
containing metadata (group composition, ANN input
and output layer dimensions) and signal matrices.
Signals were expressed as the ratio of the tenth
thermal cycle to the first thermal cycle for each sensor,
repeated across all sensors and participants. Larger
datasets prolonged ANN training and testing times;
therefore, input arrays were downsampled five-fold,
reducing the input layer dimensionality without loss
of performance.

The final ANN input layer comprised 432 nodes
(18 values per sensor for 24 sensors), and the output
layer contained two nodes corresponding to the two
classification outcomes: (1, 0) indicating a healthy
volunteer and (0, 1) indicating a participant with
lung cancer [8]. Each ANN configuration underwent
at least 10 independent training experiments with
parameter optimization.

Multidimensional data visualization and clustering
were performed using the t-distributed stochastic
neighbor embedding (t-SNE) algorithm [9], which
projects high-dimensional data into a two-dimensional
space while preserving topological relationships:
similar samples were projected as proximate clusters,
whereas dissimilar samples were separated by greater
distances.

The diagnostic performance of the ANN classifier
was evaluated by the receiver operating characteristic
(ROC) analysis, providing an objective measure of the
discriminative ability of the proposed approach.

RESULTS

During neural network training experiments, we
identified an architecture and set of hyperparameters
that enabled classification of exhaled breath samples
across two datasets with the mean accuracy of 92%. In
selected experiments, the model achieved sensitivity
and specificity values of 98 and 96%, respectively.
Preliminary analysis of the datasets using the t-SNE
algorithm revealed significant differences between the
two subgroups (lung cancer and healthy volunteers),
as visualized by scatter plots (Fig. 1).

In a series of 50 independent experiments aimed
at differentiating the two subgroups, the mean area
under the ROC curve (AUC) exceeded 0.9, with
ROC curves approaching 1.0 (Fig. 2), indicating
robust discriminative performance of the ANN-based
classifier.
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Fig. 1. The t-SNE distribution plot of exhaled breath samples
from healthy volunteers and patients with lung cancer,
illustrating subgroup differentiation based on dimensionality
reduction
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Fig. 2. ROC curve for neural network classifier performance in
differentiating exhaled breath samples from healthy volunteers
and patients with lung cancer.

Cross-validation analysis determined an optimal
classification threshold of 0.24, which provided a
balanced trade-off between false-positive and false-
negative results across varying subgroup sample sizes.
The corresponding distribution of exhaled breath
samples after cross-validation is presented in Fig. 3.

Overall, classification of exhaled breath samples
from patients with lung cancer versus healthy
volunteers yielded diagnostic accuracy of 95.8%,
sensitivity of 98.1%, and specificity of 93.6%. These
results demonstrate strong evidence of subgroup
differentiation and underscore the potential of this
approach for clinical application in lung cancer
diagnosis.

We further investigated the ability of the model to
differentiate between prepared (n =55) and unprepared
(n=154) breath samples from patients with lung cancer.
In 50 experiments, the mean AUC reached 0.7, with

ROC curves tending toward 1.0 (Fig. 4). The mean
classification accuracy for this subgroup analysis
was 65%, with sensitivity and specificity ranging
from 60 to 72%. These findings suggest only minor
compositional differences in VOC profiles between
prepared and unprepared samples from patients with
lung cancer. While patient preparation may marginally
improve classification accuracy, its implementation
would inevitably complicate the sampling procedure.
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Fig. 3. Distribution plot of exhaled breath samples from the
study subgroups following cross-validation
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Fig. 4. ROC curve for ANN classifier performance in
differentiating exhaled breath samples from prepared versus
unprepared lung cancer patients.

Finally, we assessed the classifier’s ability to
differentiate exhaled breath samples from patients
with early-stage (I-11) versus advanced-stage (I11-1V)
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lung cancer. This analysis was conducted separately
for prepared and unprepared patients, with the same
sample ratio in each subgroup (31:24). Across 50
experiments, the mean classification accuracy reached
75%, with sensitivity and specificity values ranging
from 65 to 80%. Comparable results were observed
for both prepared and unprepared cohorts. Achieving
the mean accuracy of 75% highlights significant VOC
profile differences between early- and advanced-stage
disease, suggesting that the ANN-based approach
may eventually enable not only early detection of
lung cancer but also disease staging when applied
sequentially with multiple classifiers.

DISCUSSION

Standard methods for early detection of lung cancer
include chest radiography and low-dose computed
tomography (LDCT). However, chest radiography —
often employed for screening — has low sensitivity
and a high false-negative rate due to its limited image
resolution. LDCT provides superior anatomical detail
and has proven high diagnostic value [10]. Current
American Cancer Society guidelines recommend
annual LDCT screening for high-risk individuals
(current or former smokers aged 50-80 years with
a > 20 pack-year history), a strategy associated with
a 20% reduction in lung cancer-related mortality
compared to radiography [11].

Despite its proven efficacy, LDCT carries important
limitations, including overdiagnosis (detection of
clinically indolent lesions), high false-positive rates
leading to unnecessary invasive procedures, and the
need for multidisciplinary teams to interpret findings.
Moreover, limited equipment availability, high cost,
and the requirement for highly trained personnel restrict
the scalability of LDCT-based screening programs,
even in well-resourced health care systems [12].

Exhaled breath analysis of VOCs has emerged as
a promising, non-invasive alternative for early lung
cancer detection. Electronic nose (eNose) technologies
have demonstrated consistently favorable results,
even in populations with low to intermediate disease
prevalence (5.4-22%) [13]. Across studies of non-
small-cell and small-cell lung cancer, reported
sensitivity and specificity have varied greatly, ranging
from 71 to 99% and from 13 to 100%, respectively
[6]. Integration of artificial intelligence (AI) has
further enhanced eNose performance, enabling real-
time data analysis and predictive assessment of tumor
presence [14]. Nevertheless, the combination of Al
and biosensory platforms for lung cancer screening

remains underexplored, with issues of reproducibility,
sensor drift, and environmental interference limiting
their clinical application.

Our multisensory gas analysis platform, which
integrates semiconductor-based biosensors with
Al-driven data processing modules, demonstrated
diagnostic performance that surpassed existing
eNose systems and LDCT. In this study, the platform
achieved sensitivity and specificity of 98.1 and 93.6%,
respectively, outperforming LDCT (sensitivity ~93%,
specificity ~73%).

Compared with LDCT, the platform offers several
clinical advantages: it is entirely non-invasive, free
from ionizing radiation exposure, rapid, low-cost per
test, and suitable for large-scale population screening.
Its portability and ease of use further allow for
deployment in outpatient and primary care settings,
including resource-limited regions.

A key strength of the platform lies in high
selectivity of its multilayer sensor array, which can
discriminate subtle variations in VOC composition.
Al-driven data processing ensures robustness against
noise and artifacts and adapts to inter-individual
variability in breath signatures related to age,
smoking status, or comorbid conditions. Validation
experiments evaluating prepared and unprepared
samples confirmed the reproducibility and low inter-
series variability of the system.

CONCLUSION

Exhaled breath analysis is emerging as a powerful
diagnostic modality for the early detection and
monitoring of lung cancer, particularly at its initial
stages. The newly developed multisensory gas
analysis platform demonstrated clinically meaningful
superiority over existing screening approaches,
including LDCT.

The combination of high diagnostic accuracy,
scalability, and operational simplicity positions this
platform as a promising tool for integration into
lung cancer screening programs and personalized
diagnostic pathways. Its ability to provide rapid, non-
invasive, and reproducible results could transform
current approaches to early lung cancer detection and
population-level screening.

REFERENCES

1. Miller S.V., Frolova I.G., Velichko S.A., Tuzikov S.A., Baida-
la P.G., Polischuk T.V. et al. Single Round Lung Formations,
Management. Bulletin of Siberian Medicine. 2012;11(S1):80—
82. (In Russ.).

92 BionneteHb cMbupckoit MeguLmHbl. 2025; 24 (4): 87-94



Original articles

2. Bray F., Laversanne M., Sung H., Ferlay J., Siegel R.L., Soer- 8. Chernov V.1., Choynzonov E.L., Kulbakin D.E., Menkova E.N.,
jomataram I. et al. Global cancer statistics 2022: GLOBOCAN Obkhodskaya E.V., Obkhodskiy A.V. et al. Non-invasive di-
estimates of incidence and mortality worldwide for 36 cancers agnosis of malignancies based on the analysis of markers in
in 185 countries. CA Cancer J. Clin. 2024;74(3):229-263. exhaled air. Diagnostics. 2020;10(11):934. DOI: 10.3390/di-
DOI:10.3322/caac.21834. agnostics10110934.

3. Binson V.A., Thomas S., Subramoniam M. Non-invasive detec- 9. Van der Maaten L.J.P., Hinton G.E. Visualizing high-di-
tion of early-stage lung cancer through exhaled breath volatile mensional data using t-SNE. J. Machine Learning Res.
organic compound analysis. Med. Gas. Res. 2025;15(2):198— 2008;9:2579-2605.

199. DOI: 10.4103/mgr.MEDGASRES-D-24-00101. 10. Hunger T., Wanka-Pail E., Brix G., Griebel J. Lung Cancer

4. Binson V.A., Mathew P., Thomas S., Mathew L. Detec- Screening with Low-Dose CT in Smokers: A Systematic
tion of lung cancer and stages via breath analysis using Review and Meta-Analysis. Diagnostics. 2021;11(6):1040.
a self-made electronic nose device. Expert. Rev. Mol. DOI: 10.3390/diagnostics11061040.

Diagn. 2024;24(4):341-353. DOI: 10.1080/14737159.2024. 11. Wolf AM.D., Oeffinger K.C., Shih T.Y., Walter L.C,,
2316755. Church T.R., Fontham E.T.H. et al. Screening for lung cancer:

5. Buma A.l.G., Muntinghe-Wagenaar M.B., van der Noort V., 2023 guideline update from the American Cancer Society. CA
de Vries R., Schuurbiers M.M.F., Sterk P.J. et al. Lung can- Cancer J. Clin. 2024;74(1):50-81. DOI: 10.3322/caac.21811.
cer detection by electronic nose analysis of exhaled breath: 12. Jonas D.E., Reuland D.S., Reddy S.M., Nagle M., Clark S.D.,
a multicentre prospective external validation study. Ann. On- Weber R.P. et al. Screening for Lung Cancer With Low-
col. 2025;31:50923-7534(25)00125-5. DOI: 10.1016/j.an- Dose Computed Tomography: Updated Evidence Report
nonc.2025.03.013. and Systematic Review for the US Preventive Services

6. Van der Sar I.G., Wijbenga N., Nakshbandi G., Aerts J.G.J.V., Task Force. JAMA. 2021;325(10):971-987. DOI: 10.1001/
Manintveld O.C., Wijsenbeek M.S. et al. The smell of lung dis- jama.2021.0377. PMID: 33687468.
ease: a review of the current status of electronic nose technol- 13. Rocco G., Pennazza G., Tan K.S., Vanstraelen S., Santo-
0gy. Respir. Res. 2021;22(1):246. DOIL: 10.1186/s12931-021- nico M., Corba R.J. et al. A real-world assessment of stage i
01835-4. lung cancer through electronic nose technology. J. Thorac. On-

7. Laktionov K.K., Artamonova E.V. Borisova T.N., col. 2024;19(9):1272-1283. DOI: 10.1016/j.jth0.2024.05.006.
Breder V.V., Bychkov I.M., Vladimirova L.1I. et al. Malignant 14. Ng X.J.K., Mohd Khairuddin A.S., Liu H.C., Loh T.C.,
Neoplasm of the Bronchi and Lung: Russian Clinical Guide- Tan J.L., Khor S.M. et al. Artificial intelligence-assist-
lines. Journal of Modern Oncology. 2022;24(3):269-304. (In ed point-of-care devices for lung cancer. Clin. Chim. Acta.
Russ.). DOI: 10.26442/18151434.2022.3.201848. 2025;570:120191. DOI: 10.1016/j.cca.2025.120191.

Author Contribution

Rodionov E.O. —analysis and interpretation of the data, processing of the materials, drafting of the manuscript. Podolko D.V., Kulbakin
D.E., Miller S.V. — collection of the material, processing of the results. Obkhodskaya E.V., Obkhodskiy A.V. — hardware platform
development and technical design, interpretation of the results. Sachkov V.I., Chernov V.I. — scientific analysis, critical revision of the
manuscript for important intellectual content. Popov A.S. — hardware platform development and technical design, interpretation of the
results. Lakonkin V.S. —analysis and interpretation of the data.

Author Information

Rodionov Evgeniy O. — Cand. Sci. (Med.), Senior Researcher, Department of Thoracic Oncology, Cancer Research Institute, Tomsk
NRMC; Associate Professor, Oncology Division, Siberian State Medical University, Tomsk, Rodionov_eo@oncology.tomsk.ru, 0000-
0003-4980-8986

Podolko Danil V. — Oncologist, Department of Thoracic Oncology, Cancer Research Institute, Tomsk NRMC; Associate Professor,
Oncology Division, Siberian State Medical University, Tomsk, danya 95rid@mail.ru, http://orcid.org/0000-0002-7725-176X

Obkhodskiy Artem V.- Cand. Sci. (Tech.), Associate Professor, School of Nuclear Technology, National Research Tomsk Polytechnic
University, Tomsk, art707@yandex.ru, http://orcid.org/0000-0002-3996-0573

Obkhodskaya Elena V. — Cand. Sci. (Tech.), Senior Researcher, Laboratory of Chemical Technologies, Chemical Department,
National Research Tomsk Polytechnic University, Tomsk, fil330a@yandex.ru, http://orcid.org/0000-0002-0708-7765

Miller Sergey V. — Dr. Sci. (Med.), Head of the Department of Thoracic Oncology, Cancer Research Institute, Tomsk NRMC, Tomsk,
millersv1309@gmail.com, http://orcid.org/0000-0002-5365-9840

Kulbakin Denis E. — Dr. Sci. (Med.), Head of the Department of Head and Neck Tumors, Cancer Research Institute, Tomsk NRMC,
Tomsk, kulbakin_d@mail.ru, http://orcid.org/0000-0003-3089-5047

Sachkov Victor I. — Dr. Sci. (Chemistry), Head of the Laboratory of Chemical Technologies, Chemical Department, National Research
Tomsk Polytechnic University, Tomsk, vicsachkov@gmail.com, http://orcid.org/0000-0001-7866-274X

Bulletin of Siberian Medicine. 2025; 24 (4): 87-94 93



Rodionov E.O., Podolko D.V., Obkhodskiy A.V. et al. Lung cancer diagnosis based on analysis of volatile markers in exhaled breath

Popov Aleksandr S. — Junior Researcher, Laboratory of Chemical Technologies, Chemical Department, National Research Tomsk
Polytechnic University, Tomsk, popovas@mail.ru, http://orcid.org/0000-0002-4323-1728

Lakonkin Vladislav S. — Fourth-Year Undergraduate Student, Department of Nuclear Fuel Cycle, National Research Tomsk
Polytechnic University, Tomsk, vslI13@tpu.ru, http://orcid.org/0009-0002-4008-1012

Chernov Vladimir I. — Dr. Sci. (Med.), Professor, RAMS Academician, Deputy Director for Science and Innovation, Head of Nuclear
Medicine Department, Cancer Research Institute, Tomsk NRMC, Tomsk; Head of the Strategic Unit “Health Engineering”, National
Research Tomsk Polytechnic University, Tomsk; Head of the Department of Radionuclide Technology Development, Scientific and
Educational Medical Center of Nuclear Medicine, National Research Center «Kurchatov Institute», Moscow, chernov@tnime.ru, http://
orcid.org/0000-0001-8753-7916

(P<) Rodionov Evgeniy O., Rodionov_eo@oncology.tomsk.ru
Received on June 30, 2025;

approved after peer review on July 5, 2025;
accepted on September 9, 2025

94 BionneTteHb cMbUpcKon MegruuHbl. 2025; 24 (4): 87-94



