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Abstract
The COVID-19 pandemic has attracted numerous research studies because of its impact on society and
the economy. The pandemic has led to progress in the development of diagnostic methods, utilizing the
polymerase chain reaction (PCR) as the gold standard for coronavirus SARS-CoV-2 detection. Numerous
tests can be used at home within 15 minutes or so but of with lower accuracy than PCR. There is still a
need for point-of-care tests available for mass daily screening of large crowds in airports, schools, and
stadiums. The same problem exists with fast and continuous monitoring of patients during their medical
treatment. The rapid methods can use exhaled breath analysis which is non-invasive and delivers the
result quite fast. Electronic nose can detect a cocktail of volatile organic com-pounds (VOCs) induced by
virus infection and disturbed metabolism in the human body. In our exploratory studies, we present the
results of COVID-19 detection in a local hospital by applying the developed electronic setup utilising
commercial VOC gas sensors. We consider the technical problems noticed during the reported studies
and affecting the detection results. We believe that our studies help to advance the proposed technique to
limit the spread of COVID-19 and similar viral infections.

Introduction
The COVID-19 pandemic created huge demand for proposals for reliable point-of-care testing to reduce its
detrimental impact on healthcare systems, and society and business in general. The required features for
mass and rapid testing are short time of detection, convenience of sample material collection, and low-
cost of use. Polymerase chain reaction (PCR) testing is the gold standard for COVID-19 detection but
requires specialist facilities and cannot meet the needs of mass testing in fast pandemic development as
required by its omicron version1. The PCR test needs a quali�ed staff to collect the viral material by
nasopharyngeal swabs. This process can be easily carried out incorrectly, limiting the number of viral
particles necessary for their proper detection.

The proposed rapid at home COVID-19 tests meet these demands to some extent only2–4. There is still an
urgent need to develop low-cost devices for rapid mass testing. Exhaled breath analysis devices are good
candidates because of their non-invasive and less socially inconvenient method, delivering results within
a very short time and enabling repeated use5–7. There are research studies con�rming identi�cation of
scents from COVID-19 patients by dogs8 and by precise chemical methods (e.g., gas chromatography-ion
mobility spectrometry9).

Breath samples can be analysed by detecting the SARS-CoV-2 virus or by its indirect indicators as volatile
organic compounds (VOCs), exhaled by the infected human body due to metabolic reactions modi�ed by
the infection or alteration of the microbial �ora of the lungs. The gas cocktail of exhaled VOCs can be
detected by an electronic nose device that is less bulky and costly than other breath analysers. Moreover,
this method can detect COVID-19 infection during a different development phase than other proposed
tests. For example, PCR tests can detect early infection at its early stage, between 3 to 4 days after
exposure to the virus.
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Successful results of COVID-19 detection by an electronic nose were presented elsewhere by a few
independent groups10–13. The research applied nanoparticle gas sensors14,15, functionalized graphene, or
carbon nanotube sensors16, and popular metal oxide gas sensors17 sensitive to selected VOCs. Some
companies have proposed electronic noses that are under clinical studies18,19. Moreover, there is
experimental evidence of exhaled breath analysis in other viral infections (e.g., in�uenza20, human
rhinovirus21, and other infections16) con�rming the production of metabolites leading to exhaled VOCs
and their detection by an electronic nose. Recent studies compared speci�c VOCs present in mechanically
ventilated patients with COVID-19 and with non-COVID-19 patients having respiratory acute syndromes22.
The results distinguished both groups with high accuracy. It is worth mentioning that other human
samples (e.g., blood, urine, saliva, or faeces) can be considered for COVID-19 detection, but none of the
enumerated samples is as easy to deliver quickly to the analysing device to run the detection test.

There are numerous questions about the mass use of an electronic nose in COVID-19 screening because
of the limited repeatability of infection detection and accessible arrays of prototype gas sensors for
repeated experiments and practical applications in diverse environmental conditions of breath sample
collection. Another issue is unavoidable variations in groups of tested humans. In our exploratory study,
we applied a developed electronic nose device utilising commercial gas sensors for VOCs detection and
requiring low-energy consumption to operate at elevated temperatures. A detailed description of the
electronic nose setup is available elsewhere23. The setup can be replicated by others to popularise the
proposed method and to introduce necessary modi�cations to enhance the detection results and hasten
possible mass application.

The clinical studies were run within a group of patients in the north part of Poland. The breath samples
were collected and analysed in the University Center of Maritime and Tropical Medicine, Gdynia, Poland
by the developed electronic nose in the Gdańsk University of Technology. The research teams gained
experience in the electronic nose technique by participating in the EU project TROPSENSE a few years
ago24,25.

Methods Of Experimental Studies
Investigated cohort. Our experimental studies were run in a hospital ward dedicated to the treatment of
COVID-19 infected patients during the third wave of the pandemic in Poland, in the period between March
and July 2021. The SARS-CoV-2 Alpha and Delta variants dominated within this period in Poland. The
breath samples were collected in the clinic rooms within a group of the hospitalised patients and a
control group. We investigated 56 breath samples (33 patients with severe course of COVID-19 disease,
17 breath samples collected within the healthy control group, and 6 samples of ambient air). A detailed
description of the investigated group is presented in Table S1, in the supplementary information. The
number of scrutinised samples related to the contemporary pandemic situation in the north of Poland
and patients admitted to the hospital ward. We investigated patients of different age, gender, and
accompanying diseases. The anonymised patient data list their accompanying diseases, medications
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taken, and blood concentration of C-reactive protein (CRP), associated with in�ammation in the human
body.

Breath sample collection. All samples were collected in the morning before eating or drinking, except for
fresh water, or brushing their teeth to reduce the detrimental impact of food or drink smells. The samples
were collected from the patients and healthy volunteers breathing the same atmosphere of hospital ward
rooms. The end-tidal part of the �nal wave of exhaled breath was collected by a BioVOC™ breath sampler
(about 130 mL), made of Te�on, and comprised of a protective one-way �ow valve, see Fig. 1. The
BioVOC™ breath sampler was cleansed after each use by dismantling and inserting into a solution of 20
mL of disinfectant (Milton, France) dissolved in 1 L of distilled water. The breath sampler was left to dry
naturally after 15 min of staying in the disinfectant solution. The collected breath sample was introduced
into the gas chamber of the electronic nose (Fig. 1a) by attaching the BioVOC™ to the inlet of the gas
chamber under low pressure and automatically opening an electrical valve.

The applied procedure of exhaled breath sampling prevented any accidental virus contamination between
the examined patients due to the high contagiousness of the SARS-CoV-2 virus. It can be easily simpli�ed
to accelerate this process in the near future. A good technical solution is to blow directly into the inlet of
the gas chamber with the sensors and use a micro-phone to detect the beginning of the end-tidal part of
the �nal wave, followed by its introduction into the gas chamber26,27.

Electronic nose setup. Our setup applied a prolonged sensor cleaning process by sensor insu�ation
using ambient air. All highlighted stages of electronic nose operations are presented in Fig. 2. We start
with cleaning the gas sensors via a continuous �ow of ambient air through the gas chamber (between 2–
3.2 L/min). Next, the electric pump creates a low pressure (about 350 hPa) region in the gas chamber
within 30 s and sucks the breath sample from the BioVOC™ into the gas chamber. The electric valve
closes the gas chamber, and we observe the gas sensors’ responses to the introduced breath sample.

We applied a set of four parameters, representing relative changes of the sensor DC resistance RS,
observed in the selected time intervals, as presented in Fig. 2: F1 = ΔRS1/R0 (maximum relative change of
DC resistance within analysing phase);

F2 = ΔRS2/R0 (relative change of DC resistance within the �nal part of the analysing phase – the last 400
samples);

F3 = ΔRS3/R0 (a tangent slope of DC resistance relative change at the beginning of the cleaning phase –
evaluated within the period of the �rst 30 samples of the cleaning phase which follows the analysing
phase); F4 = ΔRS4/R0 (a tangent slope of DC resistance relative change at the beginning of the analysing
phase – evaluated within the period of the �rst 30 samples). The proposed parameters can be
automatically evaluated from the recorded time series of the sensors’ DC resistances. Moreover, the
proposed parametrisation reduced the number of the analysed data points by giving the averaged



Page 5/21

parameters, which is more robust against the noise and interferences that are naturally present in the
recorded time series.

We applied MATLAB scripts, prepared for the release R2021b, and used slope evaluation functions – see
the supplementary information. The selected parameters reduced the detrimental effect of the gas
sensors’ slow drifts in time, induced by ageing or gradually varying �uctuations in the composition of the
ambient atmosphere28. This disturbing effect was considered in numerous studies and is one of the most
signi�cant and reducing possibilities for measuring low concentrations of VOCs and any medical
applications of high e�ciency in practice29. We underline that in a case of COVID-19 patients there are
experimental studies con�rming that the environmental pollutants, present in the ambient air (due to, e.g.
air conditioning systems) have a harmful impact on the effectiveness of medical treatment and therefore
can also provide useful information30,31.

We applied a set of commercial gas sensors designed to monitor selected VOCs (supplementary
information, Table S2). The sensors were developed within the last few years by the leading companies in
the gas sensing industry. Integrated circuit technology was applied for their construction to optimise their
energy consumption, which is necessary for operating at elevated temperatures, and to ensure
repeatability of their parameters. The sensors are dedicated to portable applications, which is an
emerging area of gas sensing applications.

The same gas sensors were applied in electronic noses designed by other research groups and aimed at
similar medical or environments applications23,26,32. The selected sensors focus on various VOCs present
in indoor environmental or speci�cally dedicated to the VOCs in exhaled breath. The electronic nose
monitored the environmental conditions (temperature, humidity, and pressure) during collection of the
breath samples to check their repeatability during the studies. The recorded time series for exemplary
COVID-19 and healthy patients are presented in supplementary information, in Figure S1 and Figure S2,
respectively. We observed remarkable differences in the shapes of the recorded DC resistances for the
COVID-19-diagnosed patients (Figure S1a) and the healthy patients (Figure S2a) from the control group.
The differences were visible for the applied gas sensors. The exception was the BME680 gas sensor,
which responded too slowly to be used in practice for the analysed breath samples, and therefore these
data were excluded from further consideration. We observed some differences in environmental
conditions between the patients, especially for humidity (Figure S1b, Figure S2b) in the initial part of the
analysing phase. The differences did not exceed 15% and were much less intense than identi�ed for the
applied gas sensors.

The electronic nose recorded voltages across the gas sensors operating in serial connection with resistors
as independent voltage dividers, supplied by precise voltage references of 2.5 V (REF192; Analog
Devices). Voltages were sampled by 16-bit low-power analogue-to-digital converters (ADS1115; Texas
Instruments). The developed electronic nose comprised of more gas sensors than the applied for COVID-
19 detection algorithm. We limited the built-in gas sensors to the sensors securing a stable response
within the assumed time of the analysing phase. We underline that some commercial gas sensors can be
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potentially used for COVID-19 but require preconcentrated breath samples to accelerate their response
time or their composition should be modi�ed (e.g., by introducing noble metals or UV irradiation to
enhance the gas sensitivity of the applied metal oxide sensing layers)33,34. Further improvement can be
reached by applying nanoparticle technology of enhanced sensitivity or two-dimensional materials, which
exhibit a high ratio of the active area to its volume and reaching the detection level of a single
molecule35. A great improvement in the gas selectivity of resistance gas sensors was reported for
organically functionalised golden nanoparticle prototype structures that are not available
commercially36,37.

The applied setup secured stable conditions for measuring the gas sensors’ response in the analysing
phase (Fig. 2). The proceeding and following cleaning phases displayed visible �uctuations in the
sensors’ DC resistances, induced by non-stabilised laboratory air�ow through the gas chamber. We
noticed sharp changes in gas sensors response before closing the electrical valve at the beginning of the
analysing phase. This is an effect of introducing the breath sample into the gas chamber, which can be
controlled more accurately by a few technical modi�cations. Firstly, we can control the pump to
manufacture a more stable/repeatable low-pressure zone. Secondly, more precise adjustment between
the inlet into the gas chamber and the BioVOC™ sample secures rerun process of breath sample
transmission. We can also introduce the breath sample without using the BioVOC™ but utilising a pump
electronically controlled to identify the tidal-wave breath �nal phase that is introduced into the gas
chamber. Further improvement can be reached by applying preconcentration of the analysed VOCs, as
presented elsewhere, but requiring a bulkier and more energy-consuming setup38. Some of these
underlined detrimental effects can be corrected with simple changes, for more accurate control of the
�ow of the breath sample.

Data analysis. The collected time series were automatically parameterised (Fig. 2) to reduce the sets of
analysed numbers. We estimated the selected slopes at de�ned time intervals by using Matlab scripts.
The detailed data for the investigated cohort were included into the supplementary information (Table
S1). Each patient was anonymised, described by a unique number and health status (COVID-19-infected
or healthy patient). Each breath sample was described by four parameters delivered from �ve gas
sensors (Figure S1a), and three recorded environmental quantities (Figure S1b). The applied Matlab
scripts, used for sensor response parametrisation, are available in the supplementary information
(Section 3. Matlab scripts).

Next, a few selected algorithms were applied to determine the e�ciency of COVID-19 detection. There is
abundant literature presenting various methods of data analysis in olfactory applications39–42. We
applied the algorithms available in the Orange software43. This is a hierarchically-organised piece of
software that implement data-mining algorithms by front-end visual programming. Data processing was
run by implementing a graph structure, determining all steps of the data processing (Fig. 3).

We applied four algorithms to perform the detection task: (i) a multi-layer perceptron algorithm (Neural
Network widget)44, (ii) random forest45, (iii) k-nearest neighbours algorithm (kNN)46, and (iv) support
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vector machine (SVM) algorithm47 which implements the LIBSVM library to execute the SVM algorithm48.

Multi-layer perceptron is a supervised learning algorithm that approximates the input data into the given
output by non-linear function in general. The default parameters were applied for this algorithm (neurons
in the hidden layers: 100; activation function for the hidden layer: recti�ed linear unit function – ReLu;
maximum number of iterations: 200). Random forest algorithm is a prediction learning method that is
also used for classi�cation. It builds a set of decision trees by considering the analysed data. The class
selected by most of the trees is the decision result. The algorithm requires a selection of the applied
number of trees (the default number of 10 trees was applied). The kNN algorithm predicts the detection
results by considering the nearest training instances (e.g., by using a weighted average of the k nearest
neighbours) to reduce the amount of the considered data. We applied the default number of 5 nearest
neighbours. The SVM algorithm classi�es the data by applying non-linear functions to determine a
hyperplane of the maximised margin between the classi�ed groups (e.g., COVID-19-infected and healthy
patients). We applied radial basis function (RBF) and default parameters to determine the time of the
necessary computations. The brie�y mentioned and applied algorithms are commonly used for detection
goals in electronic nose data analysis, including medical applications39,49.

The results of the selected detection algorithms were tested to evaluate their classi�cation accuracy by
cross-validation tech-nique50. We applied the Test and Score widget in the Orange software and split the
data into �ve folds to run the method that randomly splits the data into 5 equal-sized sets for testing the
model (one subsample) and training data (four subsamples). All algorithms were tested and the results
present receiver operating characteristic (ROC) curves (ROC Analysis widget – Fig. 3) and confusion
matrixes (Confusion Matrix widget – Fig. 3). The ROC curve plots the true positive (TP – correctly
identi�ed COVID-19 infected patients) versus false positive (FP – healthy patients and ambient air
incorrectly identi�ed as COVID-19 infected) rates. The ROC curve determines the dependence between
sensitivity (TP) and FP (1 – speci�city). The performance of the applied algorithms can also be evaluated
by the data delivered by the Test and Score widget. Selected data are included in the supplementary
information (Section 4. Detection e�ciency).

Ethical approval

and informed consent. All subjects gave their informed consent for inclusion before they participated in
the study. The study protocol and all experimental procedures were approved by the Independent
Bioethical Commission for Science Research at the Medical University of Gdańsk, Poland (ethical
approval code: NKBBN/501/2020). All methods were performed in accordance with the relevant
guidelines and regulations.

Results
The collected data were pre-analysed by scrutinising the evaluated parameters of the gas sensors
(Fig. 2). We excluded the parameter F4 because of its more extensive variability concerning the other
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considered parameters within the applied gas sensors. Its variability also results from construction of the
e-nose, as suggested above, and therefore should be excluded from further consideration. We applied the
F1, F2, and F3 parameters which characterise the response of �ve gas sensors: GM-402B, MiCS-6814 (CO,
NO2, NH3), TGS8100 and an environmental humidity sensor. The response of the gas sensors to the
exhaled breath between the COVID-19-infected and healthy groups depended �rmly on the sensor and
considered parameter. Figure 4 presents exemplary results between these two groups (33 – COVID-19-
infected patients; 17 healthy volunteers and 6 ambient air samples) for the MiCS-6814 (NO2) sensor and
two parameters F1 and F3 exposing signi�cant differences.

The response of the MiCS-6814 (NO2) sensor to the three groups of the investigated cohort was
compared statistically (Fig. 5). It is evident that the response of this sensor for COVID-19-infected patients
sticks out from the response of the two other groups. The parameters F1, and F3 for the groups of
healthy volunteers and ambient air stand out in the same direction from the parameters for the COVID-19-
infected patients, but of different intensity (e.g., compare parameters: F1 – Fig. 5a, and F3 – Fig. 5c). The
result con�rms that there is a distinctive response of the gas sensors between these groups.

We explored the classi�cation algorithms within the two groups (COVID-19-infected patients and control
group) to evaluate the detection results and the impact of environmental conditions and age. The ROC
curves were determined for the cohort of 50 (33 COVID-19-infected patients, 17 healthy volunteers –
Fig. 6a) or 56 samples (33 COVID-19 infected patients, 17 healthy volunteers and 6 samples of ambient
air – Fig. 6b). By comparing the ROCs between these two cohorts (50 or 56 samples), we evaluate how
including ambient air samples into the cohort modi�es the detection results. This approach considers the
impact of ambient air in a more thorough way than that presented for the selected sensors and
parameters only (Fig. 5). Slightly worse detection results were observed when only the COVID-19-infected
patients and healthy volunteers are considered (Fig. 6a). This means that there is a difference in the
exhaled breath composition between these two groups, which is not overwhelmed by ambient air. This
conclusion is important for the reported measurements, taken in a limited volume of hospital wards. It is
important to draw attention to the fact that ambient air (�ltration and circulation) can bias the detection
results, but can also have a serious impact on the e�ciency of medical treatment, as reported
elsewhere30,31. Therefore, it is important to consider its impact on COVID-19 detection or even continuous
monitoring in hospital wards by an electronic nose to enhance the e�ciency of medical treatment.

The developed discriminating models presented excellent training and blind divergence results for all
considered algorithms. For example, the area under the ROC was above 0.83 for these algorithms, and for
both cohorts (Fig. 6a, Fig. 6b). Discrimination between COVID-19-infected and healthy patients only
resulted in 84% classi�cation accuracy for the Neural Network and Random Forest algorithms. Worse
results of 70% classi�cation accuracy were observed for the kNN algorithm. Exclusion of the humidity
sensor data from analysis resulted in a drop of classi�cation accuracy to 66% only for the kNN algorithm.
The other algorithms secured better classi�cation accuracy between 70% and 74%. It means that
aggravated COVID-19 infection modi�es the exhaled VOCs but also the humidity in breath samples to
some extent. The detailed results for all algorithms and the considered cohorts are presented in the
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supplementary information (Tables S3–S6). The detection outcome suggests quite similar e�ciency of
the applied algorithms for the considered and limited cohort, without the set of ambient air samples.

COVID-19 infection is more severe for the health of elderly patients and therefore we can expect
statistically more vivid changes in their exhaled breath than for younger patients. We divided the cohort
into two subsets using as a threshold the median age of the COVID-19-infected (55 years) and healthy
volunteers (45 years) separately. The evaluated ROC curves for the subset of older (equal to or over the
median age – Fig. 7a) and younger (under the median age – Fig. 7b) con�rmed better detection results
for the older group, where the classi�cation accuracy reached over 91% for all algorithms (Table S5).
Detection accuracy dropped to 80% for the group of younger patients in the worst-case Neural Network
algorithm (Table S6). These results endorse the proposed methodology of electronic nose use that is
statistically more effective for exposing the most troubled elderly patients.

Discussion
The detection results suggest the signi�cant potential of the proposed method by using commercial gas
sensors. Similar results were reported by other groups and resistive sensors elsewhere10–13. We are
convinced that our approach can be advanced and applied in practice even if the presented results were
observed in the unique environmental conditions of hospital wards. We can consider either monitoring
medical treatment e�ciency or fast mass pre-screening. Outdoor use of exhaled breath testing is a
challenge that will certainly limit detection results. A few companies have proposed similar electronic
nose units recently18,19. Unfortunately, no statistics present their detection results in practice for the time
being. We underline that our results exposed a much better detection rate for the elderly group. Moreover,
we noticed that there was a difference in the humidity of the analysed breath samples. COVID-19-infected
patients displayed higher humidity than healthy volunteers on average. In our exploratory studies, we
focussed on possible amendments that could improve testing accuracy and resistance to �uctuating
environmental factors. We identi�ed the most reliable parameters of gas sensors that can be applied
during a test with a substantially shortened time. Further enhancement requires sensors of better
selectivity and sensitivity, as underlined elsewhere10.

There are still a few open questions before any application in COVID-19 testing. We do not know how the
unavoidable time drift of resistive gas sensors affects the detection rate by the electronic nose and the
need for its repeated calibration during intensive operation. A more e�cient and fast procedure for gas
sensor cleaning should be introduced (e.g., by applying UV-irradiation or pulse heating). The next problem
is detection e�ciency in open air conditions and in the presence of other pulmonary diseases (colds,
seasonal �u, etc.). An open question is the application of pre-concentrator techniques to increase the VOC
concentrations and reduce the demands placed on the gas sensors. This technique will increase costs
and make the electronic nose more bulky. We believe that the proposed methodology is a step forward to
introduce mass COVID-19 screening and monitoring its medical treatment e�ciency. This method should
be faster and low-cost, but will de�nitely not be as accurate as the gold standard PCR test.



Page 10/21

Declarations

Acknowledgements
The �nancial support for this work from the Gdańsk University of Technology by the DEC-
6/2020/IDUB/I.3/CC grant under the COMBATING CORONAVIRUS — “Excellence Initiative—Research
University” program is gratefully acknowledged.

Author contributions statement
A.K. contributed to measurement setup design and data analysis. K.D. contributed to exemplary
measurements, �gures preparation, and text correction. S.B. contributed to exhaled breath sample
collection and analysis. K.S. contributed to medical consultancy and manuscript writing. J.S. contributed
to funds supporting manuscript writing and work coordination.

Data availability
The detailed data that support the �ndings of our experimental study are available from the
corresponding author upon reasonable request.

Additional information
Supplementary information accompanies this paper at http://www.nature.com/srep (a detailed
description of the investigated cohort, applied sensors, developed Matlab scripts, detection results for the
selected detection algorithms.

Competing �nancial interests: The authors declare no competing �nancial interests.

References
1. Loeffelholz, M. J. & Tang, Y. W. Laboratory diagnosis of emerging human coronavirus infections–the

state of the art. Emerging Microbes Infect. 9, 747–756 (2020).

2. Stolyar, B. 12 Rapid At-Home Covid-19 Tests. Wired https://www.wired.com/story/best-rapid-at-
home-covid-19-test-kits/ (2022).

3. COVID-19 Test Analysis. Resilence Health https://www.resiliencehealth.com/tests.html (2022).

4. MacKay, M. J., et al. The COVID-19 XPRIZE and the need for scalable, fast, and widespread testing.
Nat. Biotechnol. 38, 1021–1024 (2020).

5. Waltz, E. Five COVID Breathalyzers: Blow into a tube, get the results in as little as 30 seconds. IEEE
Spectr. 10–11 (2021).



Page 11/21

�. Kitane, D. L., et al. A simple and fast spectroscopy-based technique for Covid-19 diagnosis. Sci. Rep.
11, 1–11 (2021).

7. Davis, C. E., Schivo, M. & Kenyon, N. J. A breath of fresh air–the potential for COVID-19 breath
diagnostics. EBioMedicine 63 (2021).

�. Jendrny, P., et al. Scent dog identi�cation of samples from COVID-19 patients–a pilot study. BMC
infectious diseases 20, 1–7 (2020).

9. Ruszkiewicz, D. M., et al. Diagnosis of COVID-19 by analysis of breath with gas chromatography-ion
mobility spectrometry-a feasibility study. EClinicalMedicine 29, 100609 (2020).

10. Giovannini, G., Haick, H. & Garoli, D. Detecting COVID-19 from Breath: A Game Changer for a Big
Challenge. ACS Sens. 6, 1408–1417 (2021).

11. Wintjens, A. G., et al. Applying the electronic nose for pre-operative SARS-CoV-2 screening. Surgical
endoscopy 35, 6671–6678 (2021).

12. Snitz, K., et al. Proof of concept for real-time detection of SARS CoV-2 infection with an electronic
nose. PLoS One 16, e0252121 (2021).

13. Rodríguez-Aguilar, M., et al. Comparative analysis of chemical breath-prints through olfactory
technology for the discrimination between SARS-CoV-2 infected patients and controls. Clin. Chim.
Acta 519, 126–132 (2021).

14. Shan, B., et al. Multiplexed nanomaterial-based sensor array for detection of COVID-19 in exhaled
breath. ACS Nano 14, 12125–12132 (2020).

15. Rao, G. K., Sengar, A. K. & Pathak, S. R. In Chemical Sensor for the Diagnosis of Coronavirus (ed.
Hussain, Ch. M., Shukla, S.) Chap. 8, 123–136 (Wiley Online Library, 2021).

1�. Özmen, E. N., et al. Qureshi, A. Graphene and carbon nanotubes interfaced electrochemical
nanobiosensors for the detection of SARS-CoV-2 (COVID-19) and other respiratory viral infections: a
review. Mater. Sci. Eng. C 129, 112356 (2021).

17. Ricci, P. P.; Gregory, O. J. Sensors for the detection of ammonia as a potential biomarker for health
screening. Sci. Rep. 11, 1–7 (2021).

1�. Rapid breath test to rule out COVID-19 contamination. Breathomix
https://www.breathomix.com/covid-ademtest/ (2022).

19. Deep Sensing Algorithms. DSA https://dsa.�/ (2022).

20. Aksenov, A. A., et al. Cellular scent of in�uenza virus infection. Chembiochem 15, 1040–1048 (2014).

21. Schivo, M., et al. Volatile emanations from in vitro airway cells infected with human rhinovirus. J.
Breath Res. 8, 037110 (2014).

22. Grassin-Delyle, S., et al. Metabolomics of exhaled breath in critically ill COVID-19 patients: A Pilot
Study. EBioMedicine 63, 103154 (2021).

23. Kwiatkowski, A., Drozdowska, K. & Smulko, J. Embedded gas sensing setup for air samples analysis.
Rev. Sci. Instrum. 92, 074102 (2021).



Page 12/21

24. Ionescu, R., The MSCA RISE TROPSENSE project. http://h2020.tropsense.icmpp.ro/en/about_us.php
(2022).

25. Kwiatkowski, A., et al. Assessment of Electronic Sensing Techniques for the Rapid Identi�cation of
Alveolar Echinococcosis through Exhaled Breath Analysis. Sensors 20, 2666 (2020).

2�. Jaeschke, C., et al. An innovative modular eNose system based on a unique combination of analog
and digital metal oxide sensors. ACS Sens. 4, 2277–2281 (2019).

27. Leja, M., et al. Sensing gastric cancer via point-of‐care sensor breath analyzer. Cancer 127, 1286–
1292 (2021).

2�. Zhang, L. & Zhang, D. E�cient solutions for discreteness, drift, and disturbance (3D) in electronic
olfaction. IEEE Trans. Syst. Man Cybern.: Syst. 48, 242–254 (2016).

29. Hossein-Babaei, F. & Ghafarinia, V. Compensation for the drift-like terms caused by environmental
�uctuations in the responses of chemo-resistive gas sensors. Sens. Actuators, B 143, 641–648
(2010).

30. Mousavi, E. S., Kananizadeh, N., Martinello, R. A. & Sherman, J. D. COVID-19 outbreak and hospital air
quality: a systematic review of evidence on air �ltration and recirculation. Environ. Sci. Technol. 55,
4134–4147 (2020).

31. Lee, H. J., Lee, K. H. & Kim, D. K. Evaluation and comparison of the indoor air quality in different
areas of the hospital. Medicine 99, e23942 (2020).

32. Mohamed, N., et al. Feasibility of a Portable Electronic Nose for Detection of Oral Squamous Cell
Carcinoma in Sudan. In Healthcare 9, 534 (2021).

33. Korotcenkov, G. Gas response control through structural and chemical modi�cation of metal oxide
�lms: state of the art and approaches. Sens. Actuators B 107, 209–232 (2005).

34. Bouchikhi, B., et al. Formaldehyde detection with chemical gas sensors based on WO3 nanowires
decorated with metal nanoparticles under dark conditions and UV light irradiation. Sens. Actuators B
320, 128331 (2020).

35. Pearce, R., et al. Epitaxially grown graphene based gas sensors for ultra sensitive NO2 detection.
Sens. Actuators B 155, 451–455 (2011).

3�. Durán-Acevedo, C. M. & Cáceres-Tarazona, J. M. Low-cost desorption unit coupled with a gold
nanoparticles gas sensors array for the analysis of volatile organic compounds emitted from the
exhaled breath (gastric cancer and control samples). Microelectron. Eng. 237, 111483 (2021).

37. Bang, J. H. et al. SnS-functionalized SnO2 nanowires for low-temperature detection of NO2 gas.
Mater. Charact. 175, 110986 (2021).

3�. Liu, B., et al. Lung cancer detection via breath by electronic nose enhanced with a sparse group
feature selection approach. Sens. Actuators B 339, 129896 (2021).

39. Gutierrez-Osuna, R. Pattern analysis for machine olfaction: A review. IEEE Sens. J. 2, 189–202
(2002).



Page 13/21

40. Snopok, B. A. & Kruglenko, I. V. Multisensor systems for chemical analysis: state-of-the-art in
Electronic Nose technology and new trends in machine olfaction. Thin Solid Films 418, 21–41
(2002).

41. Ghasemi-Varnamkhasti, M., Mohtasebi, S. S., Siadat, M. & Bal-Asubramanian, S. Meat quality
assessment by electronic nose (machine olfaction technology). Sensors 9, 6058–6083 (2009).

42. Shi, Y., et al. A deep feature mining method of electronic nose sensor data for identifying beer
olfactory information. J. Food Eng. 263, 437–445 (2019).

43. Demšar, J., et al. Orange: data mining toolbox in Python. J. Mach. Learn. Res. 14, 2349–2353 (2013).

44. Rumelhart, D. E., Hinton, G. E. & Williams, R. J. Learning representations by back-propagating errors.
Nature 323, 533–536 (1986).

45. Breiman, L. Random forests. Mach. Learn. 45, 5–32 (2001).

4�. Altman, N. S. An introduction to kernel and nearest-neighbor non-parametric regression. Am. Stat. 46,
175–185 (1992).

47. Cortes, C. & Vapnik, V. Support-vector networks. Mach. Learn. 20, 273–297 (1995).

4�. Chang, C. C. & Lin, C. J. LIBSVM: a library for support vector machines. ACM Trans. Intell. Syst.
Technol. 2, 1–27 (2011).

49. D’Amico, A., et al. Olfactory systems for medical applications. Sens. Actuators B 130, 458–465
(2008).

50. Allen, D. M. The relationship between variable selection and data augmentation and a method for
prediction. Technometrics 16, 125–127 (1974).

Figures



Page 14/21

Figure 1

(a) Developed electronic nose analyzing the sample of exhaled breath by using the end-tidal part the �nal
wave, and (b) illustration of collecting the breath sample with the BioVOCTM.
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Figure 2

Illustration of the recorded relative changes of gas sensor DC resistance RS during breath sample
analysis, related to its initial resistance R0 after sensor cleaning. The four parameters of DC resistance
changes F1, F2, F3, and F4 were evaluated to present the sensor’s response to the introduced breath
sample.
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Figure 3

The graph structure of the Orange software implementing the selected detection algorithms (Neural
Network, Random Forest Data, kNN, SVM) and compared by using cross-validation method (Test and
Score) by 5-folds. The results are presented by receiver operating characteristic curve (ROC Analysis) and
an error matrix (Confusion Matrix).
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Figure 4

Difference in response of the MiCS-6814 (NO2) gas sensor between COVID-19-infected patients (33) and
healthy volunteers (17) or ambient air (6) for two selected parameters of major difference: (a) F1, (b) F3.
IQR – the interquartile range, presenting the statistical dispersion of the considered data.
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Figure 5

 Difference in response of the MiCS-6814 (NO2) gas sensor between the groups of COVID-19-infected
patients (33), healthy volunteers (17) and ambient air (6) for three selected parameters of major
difference: (a) F1, (b) F2, and (c) F3. IQR –interquartile range, presenting the statistical dispersion of the
considered data.



Page 19/21

Figure 6

ROC curves observed for the examined cohort of: (a) 50 samples (33 COVID-19-infected patients, 17
healthy volunteers), and (b) 56 samples (33 COVID-19-infected patients, 17 healthy volunteers and 6
samples of ambient air). Four selected detection algorithms were considered: SVM, kNN, Random Forest,
Neural Network.
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Figure 7

ROC curves observed for the examined cohort of (a) 24 samples (16 COVID-19-infected patients over 55
years old, 8 healthy volunteers over 45 years old), and (b) 26 samples (17 COVID-19-infected patients
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under 55 years old, 9 healthy volunteers under 45 years old). Four selected detection algorithms were
considered: SVM, kNN, Random Forest, Neural Network.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

SupplementaryInformationscienti�creports.pdf

https://assets.researchsquare.com/files/rs-1655727/v1/04b04b7dd48223e7e932a35a.pdf

