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Abstract  

Comparing electronic nose performance is a challenging task because of a lack of standardised method. This paper proposes a method for defining and quantifying an indicator of the effectiveness of multi-sensor systems in detecting cancers by artificial breath analysis. To build this method, an evaluation of the performances of an array of metal oxide sensors built for use as a lung cancer screening tool was conducted. Breath from 20 healthy volunteers has been sampled in FEP sampling bags. These healthy samples were analysed with and without the addition of 9 VOC cancer biomarkers, chosen from literature. The concentration of the VOC added was done in increasing amounts. The more VOC were added, the better the discrimination between “healthy” samples (breath without additives) and “cancer” samples (breath with additives) was. By determining at which level of concentration the electronic nose fails to reliably discriminate between the two groups, we estimate its ability to well predict the presence of the disease or not in a realistic situation. In this work, a home-made electronic nose is put to the test. The results underline that the biomarkers need to be about 5.3 times higher in concentration than in real breath for the home-made nose to tell the difference between groups with a sufficient confidence.



1. [bookmark: 1_Introduction]Introduction
Detecting subtle variations in breath, sometimes around parts per billion (ppb), is a difficult task. Nevertheless, dogs have shown their ability to tell the difference between people with a breath indicating lung cancer (LC), and people without. For example, Feil et al. used a dog to successfully detect 40 out of 41 cancer samples amongst 150 healthy controls, using a combination of urine and breath samples [1]. Amazingly, ants have shown some skill in doing so as well [2].
A lot of research has been done on cancer biomarkers in breath, and no consensus has been found on which volatile organic compound (VOC) is a marker of cancer [3]. Classifying breath might be more complex than isolating a few VOCs. Maybe a more appropriate tool would better account for the complexity of the breath, and allow to generalise this approach as cancer screening ?
Of course, LC screening already exists, we can find examples in the now infamous NELSON study [4], the MILD [5] and the NLST [6]. However, these studies show that on average, about 3% of cases in the population at risk come up positive for malignant LC, and it is recommended to do the screening again each year. Since this kind of screening uses low-dose computed tomography and chest X-rays, screening a country-wide population could quickly become a challenge for healthcare centres: multipurpose, expensive machines that need qualified personnel are required to make this possible. It is possible that making this kind of screening more common could become a logistical bottleneck. So far, the large-scale implementation of this kind of screening has not taken place. A simpler, inexpensive, non-invasive screening tool – that could be used at the general practitioner’s office for example – could therefore reduce the workload of healthcare centres by selecting the truly suspicious cases amongst the population at risk.
Several methods stood up to the challenge, such as variants of gas chromatography mass spectrometry (GCMS) [7], colorimetric sensors [8], and of course electronic noses. Each method is being refined by their respective communities and have their own issues to solve before being used at a large scale. E-noses try to prove their ability to go above and beyond by identifying the stage of the detected LC and distinguish it from the most common comorbidities [9]. However, there is one common problem amongst all LC screening studies. 
The issue with emerging methods is that there are not enough samples to be analysed to reach strong statistical significance. The conclusion of most articles, regardless of the method, has some variation of “promising results” and “should increase the amount of data to validate the findings”. The reasons behind this are not clear, and maybe linked with the small amount of positive LC diagnostics that usually happen in a single healthcare centre over an usual study timeframe. To reach significant numbers, studies like NELSON had to work with a large amount of healthcare centres and have a timespan of several years. This requires a lot of resources, which most research groups likely have little access to. As reported before [10,11], 58% of all LC breath biomarkers GCMS studies between 1985 and 2019 fail to gather more than 100 participants, and 85% have no more than 200.
Of course, there are a few exceptions that begin to reach a believable level of statistical significance, for example a recent study included 2308 participants for a Time Of Flight Mass Spectrometry (TOF-MS) analysis of breath for LC detection [12]. The Pathacov Project [13], which is also the frame of this paper, reported having reached around 1200 participants with a goal for 300 more for a GCMS study on LC breath biomarkers.
The electronic nose, another promising screening tool, also struggles with reaching large number of participants to prove the worth of the method in the medical field. For example, one of the largest studies gathered 575 participants [14] (i.e. 13 times less than the NELSON study). Even big studies like Nakhleh et al. included a small number of cancer patients (45 out of 813) [15]. Conclusions drawn from such small number of samples can be overly optimistic and give little information about the final performance of the device once in use by patients in real life conditions.
When developing an electronic nose, a lot of very important conception aspects need to be addressed [3]. These lead to choices which influence the ability of the electronic nose to perform as a screening tool, but in often unpredictable ways. A consequence of this is the very diverse prototypes that are being developed, without any real way to decide which one has the best design, or if modifications would improve or not their performances.
This paper presents the metric of performance using a previously reported method [3] to evaluate the ability of an electronic nose to discriminate between healthy breath and artificial breath with cancer biomarkers. This type of approach has been used previously in a medical context [16], but this time increasing concentrations are used to find the limit of discrimination. The performance metric can be used to compare devices and allow the improvement of designs. Conclusions regarding the adequacy of electronic noses for early lung cancer detection can be drawn from the application of this metric on an experimental e-nose.
 The number of active projects in this very specific field is surprisingly high, and the number of publications is significant as shown on table 1. The metric could therefore help compare which approach performs better.
Table 1 was obtained by following the method: Scopus and PubMed were searched using the following keywords: (“e-nose” OR “array” OR “sensor” OR “breath”) AND (“lung cancer”) NOT (“colorimetric” OR “in-vivo” OR “condensate”). The references of the selected documents were examined to find other pertinent articles. 525 articles published from 2000 to 2023 in English language were reviewed. Meta-analysis and review articles were not read. 43 articles were relevant to the subject. 9 were excluded for the following reasons: for the lack of a healthy control group (4), for lack of information on the disease researched (1), for presenting a single sensor as an e-nose (1), for the lack of classification results (3). In the end, the 34 selected articles are displayed in Table 1.
Table 1
List of publications using a clinical trial with e-noses for lung cancer detection. Publications cover years from 2000 to the time of publication.
	Reference and year
	Method details
	Sampled population
	Visualisation and feature extraction
	Classification method
	Validation and results 

	(Se = Sensitivity, Sp = Speciticity, Acc= Accuracy, LC = Lung Cancer, H = Healthy (control), OD = Other Diseases )

	2003 Di Natale [17] 
	LibraNose
	42LC/18H
LC includes patients before/after surgery
	Not mentioned
	PLS-DA
	Leave-one-out Cross validation
Se 87.5% Sp 95.5% Acc 90,3%

	2005 Chen [18] 
	Custom system with GC column, SPME fiber adsorption and 2 SAW sensors.
	20LC/15H
+7 OD
	Not mentioned
	ANN with back-propagation (BP)
	Tested on 5LC/5H subgroup.
Se 80% Sp 80% 

	2005 Machado [19] 
	Cyranose 320 (commercial e-nose with polymer sensors) + Mylar bag sampling
	28LC/107H
	PCA + CDA
	Support Vector Machine (SVM)
	Separate validation population (63%). 
Se 71,4% Sp 91,9% Acc 90,3%

	2007 Blatt [20] 
	Custom E-nose with 6 MOS sensors
	43LC/58H
	PCA + LDA
	Fuzzy k-NN
	Cross-validation
Se 95.3% Sp 90.5% Acc 92.6% 

	2009 Dragonieri [21] 
	Cyranose 320 and tedlar bag with filter
	10LC/10H +10OD (COPD)
	PCA
	LDA

	Cross validation value + Mahalanobis distance
85% correct classification, with M-distance of 3.73 between LC and COPD.

	2010 D’Amico [22] 
	Libranose (from C. Di Natale team)
	28LC/36H +28OD
	PLS-DA
	PLS-DA
	Leave-one-out cross-validation.
Se 90% Sp 100% Acc 93.7%

	2012 Chapman [23] 
	Cyranose 320 with 2L sampling bag (material unspecified)
	20 LC/42H +18OD (asbestos related study)
	PCA
	LDA 
	Cross validation
Se 90%, Sp 91%, Acc 95%.

	2012 Peled [24] 
	E-nose (from H. Haick team)
Mylar bag +
Tenax adsorption
	50LC (malignant) /19 benign nodules and afflictions
	Not mentioned
	Discriminant factor analysis (DFA)
	Leave-one-out cross validation
Se 86%, Sp 88%  Acc 88%? AUC 0.986

	2012 Wang [25] 
	“HENS” E-nose with 9 commercial MOS + GC-SAW in parallel. Preconcentration with Tenax-TA
	47LC/42H
	PCA
	ANN 
	Leave-one-out cross-validation
Se 93.6% Sp 83.4%

	2013 Broza [26] 
	Custom E-nose with 6 nanoparticle sensors (from H. Haick team) and mylar bag (offline sampling)
	12LC/5H
Before/after surgery
	Discriminant Factor Analysis (DFA)
	DFA
	Cross validation 
Se 100% Sp 80%

	2014 Bikov [27] 
	Cyranose 320
	27LC/37H
Tested influence of sampling conditions
	PCA
	LDA
	Leave-one-out cross validation
Se 63% Sp 78% Acc 72%

	2015 De Vries [28] 
	SpiroNose (7 MOS sensors in a spirometry apparatus)
	31LC/45H 
+68OD
	PCA
	LDA
	Leave-one-out cross validation
Acc 88%


	2015 McWilliams [29] 
	Cyranose 320 with Mylar bag.
	25LC/166H (control group consists of active and former smokers. Comorbidity considered)
	MWW (discriminant descriptor extraction),
Scatter plots.
	CART (2-3 nodes) (Classification and Regression Trees) + DFA.
	Leave-One-Out Cross Validation
Se 84% Sp 81,3%

	2016 Gasparri [30] 
	Libranose (8 QMB sensors) + tedlar bag (alveolar breath)
	70 LC/76H
	Not mentioned
	Partial Least Square Discriminant Analysis (PLS-DA)
	30% of dataset for validation
Se 81% Sp 91%

	2016 Rocco [31] 
	Bionote (7 QCM sensors) Uses Tenax sorption
	23LC/77H
	Not mentioned
	PLS-DA
	Leave-one-out cross validation 
Se 86% Sp 95%

	2017 Cai [32] 
	zNose4200 (micro-GC with SAW sensor detector and preconcentration)
	57LC/72H +118 in external validation dataset
	Chi-square + ANOVA
	Logistic regression Analysis (LRA)
	External validation dataset
Se 76% Sp 94%

	2017 Li [33] 
	Custom E-Nose with commercial sensors, offline sampling with Tedlar gas bags.
	24LC/23H +5 OD
	Compared PCA, LDA, Laplacian Eigenmap, local linear embedding, t-Stochastic Neighbor Embedding
	Fuzzy k-Nearest Neighbors (kNN) and SVM
	10-fold cross validation.
Best results with LDA-Fuzzy 5-NN
Se 91,6% Sp 91,7% Acc 91,6%
And LDA-SVM
Se 90,8% Sp 84,2% Acc 57,6%

	2017 Nakhleh [15] 
	Custom e-nose (from H. Haick team)
	45LC/591H +768OD (16 diseases)
	Linear Regression Models
	DFA
	23% of dataset for blind validation.
Average performances for LC:
Se 84% Sp 88% Acc 86%

	2017 Shlomi [34] 
	E-nose with 40 custom sensors (from H. Haick team) + Tenax® sorption
	89LC/30Benign
Different cancer mutations and smoking habits
	Not mentioned
	DFA
	Leave-one-out cross validation
Se 75% Sp 93% ROC-AUC = 0.89

	2017 Tizite [35] 
	Cyranose 320 + PET sampling bag
	165LC/79H
+91 with other diseases
	Not mentioned
	SVM
	25% of dataset for validation
LC vs OD Se 88,9% Sp 66,7%
LC vs H Se 97,8% Sp 68,8%
Cancer staging: 40% misclassification

	2018 Huang [36] 
	Cyranose 320, tedlar bag + endotracheal sampling.
	56LC/188H
	PCA
	LDA, SVM
	20% of dataset for validation, double cross validation with two nested loops. External validation one year later.
Se 83,3% Sp 86,2%

	2018 Kort [37–39] 
	Aeonose
	144LC/146H (Non-Small Cell Lung Cancer (NSCLC))
	ANOVA, Kruskall Wallis or chi-squared test
	ANN
	10% of dataset for validation
Se 94,4% Sp 32,9% 

	2018 Van de Goor [40] 
	Aeonose (experimental e-nose with 3 MOS sensors and sorption step on Tenax®)
	60LC/107H
	Sample t test
Fisher’s exact test
	Artificial neural network (ANN)
	10% of dataset for blinded validation.
Se 83% Sp 84%

	2019 Kononov [41] 
	Custom E-nose (6 MOS) with direct breathing
	65LC/53H
	PCA
	Logistic regression
	30% of dataset for validation + Grid-search cross validation. 
Se 95% Sp 100% Acc 97.2%

	2019 Lu [42] 
	Custom E-Nose, offline sampling with Tedlar gas bags (commercial sensors of mixed types)
	98LC/116H
	Gated recurrent unit based autoencoder (GRU-AE), compared with PCA.
	Compared 7 different models, including adaboost, several ensemble pruning methods and complete ensemble.
	50-fold cross validation.
GRU-AE + MSEP acchiev best results with ;
Se 94,22% Sp 92,80% Acc 93,55%
GRU-AE treated data demonstrated better results than data treated with PCA
Could differentiate stage III and IV with about 80% Acc, Se and Sp.

	2019 Marzorati [43] 
	Custom e-nose with 4 commercial MOS
	6LC/10H
	Not mentioned
	ANN
	Leave-one-out cross-validation.
Se 85.7% Sp 100% Acc 93.8%

	2019 Tirzite [44] 
	Cyranose 320
	252LC/223H +OD?
	Not mentioned
	LRA
	No validation
Se 95.8% Sp 92.3%

	2020 Saidi [45] 
	Custom E-nose with 6 custom UV irradiated WO3 sensors (MOS).
	32LC/12H
	PCA
	DFA
	Leave-one-out + Bootstrap validation
Acc 98.6%

	2021  Rodriguez-Aguilar [46] 
	Cyranose 320
	30LC/50H 
+100OD (Breast cancer and COPD)
	PCA
	Canonical analysis of principal coordinates (CAP)
	leave-one-out cross-validation
91.4% Acc

	2021 Binson [47–49] 
	Custom e-nose with 5 commercial MOS sensors
	32LC/72H + 38OD (COPD)
	PCA
	Naïve Bayes, LDA, LRA, kNN and SVM
	3-fold, 5-fold, 10-fold cross-validation.
Se 91.3% Sp 84.4% Acc 94.4%(with kNN)

	2021 Chen [9]
	Custom e-nose with 11 commercial sensors: 2 electrochemical sensors, 7 MOS, 1 hot wire and 1 catalytic combustion.
	101LC/134H
Staging classification (III/IV)
	Kernel PCA
	SVM + Extreme gradient boosting (XGBoost)
	10-fold cross-validation
Se 93.6% Sp 91.1% Acc 93.6%

	2023 De Vries [50] 
	SpiroNose
	211LC/682 COPD
5.45% of included COPD patients developed LC
	PCA
	LDA
	Validation on 1/3 of data 
Se 86%, Sp 89, Acc 87%

	2023 Kort [14] 
	Aeonose
	239LC/336H

	Not mentioned
	Average between  ANN, Support Vector Machine (SVM), Random Forest (RF), XGBoost, logistic regression.
	Validation on 1/3 of data.
Se 88%, Sp 52%
Included the number of pack-years which improved results.

	2023 Hao [51] 
	ILD3000 (3 electrochemical sensors, + 1 MOS sensor)
	103LC/61H
	PCA and Genetic Algorithm (GA)
	Improved Adaptative Boosting (ImAdaBoost) + others tested
	k-fold cross-validation + external validation dataset
Se 92.5% Sp 92.2% Acc 92.4%



Table 1 teaches us that the approaches to breath sensing for lung cancer detection are numerous, and are all promising in their accuracy to detect lung cancer. 54% undergo small size clinical trials (with less than 100 participants) to prove their approach adequate, which give some encouraging evidence of the power of the method, but small sample pools lack statistical power. There is too much difference between studies to reliably compare results solely on their accuracy, sensitivity and specificity. A metric of performance to compare devices would help in improving existing approaches.
2. Material and methods
The experiment consisted of collecting healthy human breath, injecting this breath with biomarkers in different concentrations using mass flow controllers, and then analysing breath (with or without biomarkers) using TD-GC-MS and an electronic nose (SAMBre). The steps are detailed below.
2.1. Breath sampling volunteers
The collection of breath started with a call for volunteers for healthy breath sampling. It took place on the ULiège Environmental Science Campus in the city of Arlon, Belgium. Volunteers were not compensated for their participation. The goal of the recruitment was to take in as many different volunteers as available, as the participation rate was expected to be low. The number of smokers and ex-smokers is therefore rather low as they are a minority on site. Having subgroups equal in size (i.e., according to sex, smoking or sport habits) was not deemed attainable. The group is therefore not ideal in terms of age, smoking habits, or sex ratio, and could result in a perceptible bias on the resulting data.
To participate, volunteers had to be 18 years old at least and not have any breathing issues or lung illness. To increase participation, the volunteers could come on the day that was most fitting in their schedule. They had to confirm the days a week prior and participate at least 4 times over the course of the study.
Finally, 21 healthy volunteers participated to the campaign. They had to fill in a short questionnaire about their biometrics (sex, age, size, and weight) and habits (history and frequency of smoking, frequency of sport activities) before the first sampling, and report if any change occurred during the study.
The details of the volunteers are available in Table 2.
Table 2
Statistics for the 21 healthy volunteers
	Male (%)
	8 (38.0%)
	BMI – Average
	23.5

	Age – Average
	37.5
	BMI – Median
	24.3

	Age – Median
	36.0
	BMI – Range
	18.4 – 29.4

	Age – Range
	21 - 62
	Sport – Daily (%)
	2 (9.5%)

	Smokers (%)
	2 (9.5%)
	Sport – Weekly (%)
	10 (47.6%)

	Ex-smokers (%)
	3 (14.3%)
	Sport – Monthly (%)
	5 (23.8%)

	Never-smokers (%)
	16 (76.2%)
	Sport – Rarely (%)
	4 (19.1%)



For breath collection, it was requested of participants that they fast overnight and respect a “nothing by mouth” policy the morning of the sampling (i.e., no smoking, teeth brushing, chewing, or eating. Drinking water was allowed). Then, they were given water for mouth rinsing and filled a 10L Fluorinated Ethylene Propylene (FEP) sampling bag through a spirometry saliva filter in a Polytetrafluoroethylene (PTFE) holder.
The breath of the 21 healthy participants was collected on 26 different days across four months (August 2022 and January to March 2023), leading to a total of 126 unique breath samples being collected. An average of 5 breath samples was collected on each occasion; each participant gave about 6 samples over the course of the study on average (with a median of 3.5).
The details of the breath samples are available in Table 3.
Table 3 
Statistics for the 126 healthy breath samples collected.
	Male (%)
	40 (31.7%)
	BMI – Average
	24.0

	Age – Average
	36.6
	BMI – Median
	26.0

	Age – Median
	34.0
	BMI – Range
	18.4 – 29.4

	Age – Range
	21 - 62
	Sport – Daily (%)
	15 (11.9%)

	Smokers (%)
	7 (5.6%)
	Sport – Weekly (%)
	61 (48.4%)

	Ex-smokers (%)
	18 (14.2%)
	Sport – Monthly (%)
	32 (25.4%)

	Never-smokers (%)
	101 (80.2%)
	Sport – Rarely (%)
	18 14.3%)



2.2. Artificial cancer breath creation
Once the breath is collected, half of each sample is injected with VOC (Volatile Organic Compound) biomarkers using the following method.
The whole procedure is identical to one being used in previous publications [3,11]. Parts per million (ppm) level concentrations are reached using microinjections: a micro-syringe is used to insert between 0.1 and 2µL of pure compound in a pre-filled 8L FEP sampling bag (HedeTech®, Dalian, China). The injection of the compounds is followed by 30 minutes of heating in an oven at 60°C. Reaching sub-ppm level concentrations is done through a dilution of the injected bag using mass flow controllers. In this case, the dilution air is human breath from volunteers’ samples.
The injected compounds are those proposed in [3], and come from a citation frequency analysis of literature about GCMS studies of lung cancer biomarkers in breath. Injected volumes and compounds are as follow:
· Acetone 2,1 µL (Merck© KGaA, Darmstadt, Germany)
· Ethanol 1,8 µL (Thermo Scientific©, Pittsburgh, USA)
· 2-propanol 1,8 µL (Merck© KGaA, Darmstadt, Germany)
· 1-propanol 0,5 µL (Thermo Scientific©, Pittsburgh, USA)
· 2-pentanone 0.1 µL (Thermo Scientific©, Pittsburgh, USA)
· N-dodecane 0.1 µL (VWR international©, Radnor, USA)
· Hexanal 0.1 µL (Merck© KGaA, Darmstadt, Germany)
· Toluene 0.1 µL (Thermo Scientific©, Pittsburgh, USA)
· 2-butanone 0.1 µL (Merck© KGaA, Darmstadt, Germany)
The bag containing these vaporized compounds was put under 1 bar of pressure in a pressure chamber. The flow of the concentrated biomarkers was modulated in regard to the desired final concentration in artificial cancer breath. To reach literature concentrations, 3.93mL/min was used. Multiples of that value were used to reach the concentrations of other test groups: 7.86mL/min (2x), 15.72mL/min (4x), 30.0mL/min (8x). All were diluted against 1300mL/min of breath.
The method used in this paper has been previously presented [12]. The sample creation process is summarized in Figure 1. The following is the application of the methodological considerations.
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Fig. 1: Sample creation process detailed in [12], using real breath with and without biomarker additions for analysis by e-nose.

2.3. Electronic nose analysis
Every sample (both healthy and artificial cancer) was sucked in through an experimental electronic nose, SAMBre, for 5 minutes. Before and after each sample, reference air was sucked in for at least 5 minutes. The flow is always kept at 200mL/min by a downstream pump and flowmeter. The reference air is pure analytical-grade air (Air Liquide®, Paris, France) humidified at 40% HR at 20°C then stored in a 25L FEP bag. The switching between samples and reference air is done through a manual 3-way valve.
The composition of the SAMBre electronic nose has been detailed in another publication [11], and can be found in supplementary materials. 
All data treatment has been done using the JMP® software (SAS Institute®, USA).
2.4. TD-GC-MS Analysis
78 of the 252 samples (31%), both with and without biomarkers addition, were adsorbed on Tenax® TA (Buchem™ B.V., Apeldoorn, The Netherlands) cartridges for Thermal Desorption Gas Chromatography Mass Spectrometry (TD-GC-MS) analysis. 1L of each sample was pumped at 120mL/min through the sorbent cartridge. Tenax has been chosen based on its frequent use in breath analysis in literature, as it does not retain water and works well with VOCs. The method used for this analysis and the materials has already been reported before [11]. The samples were chosen at random and processed right away. All the samples were not absorbed mainly for logistical reasons (limited number of cartridges, and the long time needed for the analysis and the cleaning process). There are several goals for this analysis:
· Check the reproducibility and accuracy of the dilution process and the composition of the samples.
· Observe any tendencies in the samples that could correlate to MOS gas sensor behaviour.
Before analysis, a calibration was done with all 9 compounds using three concentrations (equivalent to 0.005 ppmv, 0.1 ppmv, 0.3 ppmv in air). The concentrations were obtained by microinjections of pure compounds in vials of methanol with a septum cap. The resulting mixture is then spiked on cartridges using a calibration solution loading rig (Markes International®, Llantrisant, UK). The regression line obtained is then used to compute the concentration of the corresponding compounds based on the area under the chromatogram peaks.
2.5. E-nose performance index
In regard of a discrimination task, a better performing e-nose can classify samples into categories with less error – using an identical classification algorithm. Classification error rate should therefore be usable as a metric of e-nose performance in a discrimination task. In this regard, a key factor is the Classification Performance Criterion (CPC). To determine the best-performing devices, a severe CPC is essential. We use the P4 metric as a measure of classification quality, defined by the following equation [52]:
Equation 1:	
In this equation, TP represents the number of true positives, TN is the number of true negatives, while FP and FN denote the number of false positives and false negatives, respectively. The P4 metric is selected for its ability to encompass precision, recall, specificity, and negative predictive value, thus providing a more comprehensive evaluation of classification quality than metrics like F1 or Accuracy [52].
To meet the CPC, the e-nose must achieve a P4 score of 0.9 or higher with a minimum of 35 samples from each group (healthy, cancer, and others if applicable), totalling in this case 70 samples. Future comparisons with results from real medical sampling conditions will inform whether the CPC needs to be adjusted to be more or less stringent.
Following the establishment of the CPC, the next step involves calculating the Discrimination Performance Score (DPS) of the e-nose. This involves exposing the e-nose to samples of healthy breath and artificial cancer breath, which is created by adding biomarkers to the analyzed healthy breath. The biomarkers are initially added at concentrations realistic to those reported in literature. The e-nose's performance in classifying these samples accurately is then evaluated. If the e-nose fails to meet the CPC at these initial concentrations, the concentration of biomarkers is doubled for a repeated test and so on until success is achieved. The point at which the success is achieved gives the DPS, as per Equation 2:
Equation 2:	 
Here, DPS is the Discrimination Performance Score, 'A' is the highest concentration multiplier at which the e-nose fails to meet the CPC, and 'B' is the lowest concentration multiplier at which the e-nose succeeds. A score around 1 indicates the e-nose's ability to detect realistic levels of biomarkers in artificial cancer breath, with higher scores suggesting better resolution (Figure 2). For additional precision in the DPS, testing intermediate concentrations between 'A' and 'B' is possible, particularly when finer accuracy is needed. However, this requires larger sample sizes to ensure statistical significance.
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Performance is adequate for the task.
Underperforming

Samples are too subtle for the e-nose to work as intended.
Overperforming

The e-nose could perform with subtler samples.
The higher the better. Twice higher, twice better.
Fig. 2. Diagram illustrating the DPS interpretation for three cases.

The classification algorithm chosen for this evaluation is k-Nearest Neighbours (kNN). Its selection is due to its simplicity and effectiveness as a non-parametric method, suitable for non-normal and/or heteroscedastic datasets. In cases of small sample pools, like those in this study, assumptions of parametric methods are often unmet, making kNN a preferable choice over methods like LDA.
2.6. Calculation of sample size
According to the reference method [3], the minimum value for this kind of test has been chosen as 30 breath samples of each group (healthy/cancer).  For this study, several concentrations of additives were planned, therefore each subgroup of concentration had at least 30 healthy and 30 artificial cancer breath samples.
2.7. Ethics approval
The study was approved by the ULiège-CHU ethics committee and volunteers gave their informed consent to the study. Data collection and handling is GDPR compliant. This study was done under the supervision of a medical practitioner specialised in medical research.
2.8. Data analysis
From the raw data, for each sample, the maximum conductance value of each sensor is extracted for analysis. The conductance value of the baseline (i.e., the stable conductance of the sensor in the reference air) is subtracted from this value. There is an apparent drift between data from 2022 and 2023. The drift can be compensated using calibration data. In this case, calibration is done before measurement at least once a month. Increasing concentrations of ethanol (0.1, 0.5, 1.0, 1.5, 2.0 ppm) are analysed by the electronic nose, which gives a calibration line that allows for drift compensation. More information on this can be found in the supplementary materials.
3. Results and discussion
3.1. Concentration effect removal
As illustrated on Fig 3, the normalization of the data removes the concentration effect. This has the consequence of making artificial cancer breath a homogeneous group, which is less distinct from the healthy breath group.


Fig. 3. PCA score plot of the data without normalisation (a,b,c), and with normalisation (d,e,f) separated by concentration. Healthy samples are blue dots, while artificial cancer breath are red squares. 1.5x group is (a,d), 4x group is (b,e) and 8x group is (c,f). Concentration is expressed relatively to concentrations expected in real cancer breath according to literature. Despite normalization, boundaries between groups are clearer as concentration increases. The third principal component is available in supplementary materials.A
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This means that the electronic nose is sensitive to differences in concentration but lacks resolution in mixture identification. In this case, sensors are highly correlated to one another, with two main groups of sensors giving complementary data: MP901 and G8530T, G2530T are correlated. T2603, G3530T, G1430T are also highly correlated with one another. The main selection criterion for these sensors was their lower limit of detection, which in commercial sensors often indicate either SnO (tin oxide) or ZnO (zinc oxide) based sensors [53]. This probably explains the appearance of two groups of highly correlated sensors. This is however unfortunate as less correlated sensors lead to higher information quality, as it means each sensor evaluates an aspect of the sample other sensors do not [54].
It is however interesting to note that, without normalization, most artificial cancer breath of realistic concentration (Fig. 3A) is very close to healthy samples, but with a distinct centroid. This is also very visible on the third component (see supplementary materials). This indicates that despite the low resolution, the electronic nose is still able to label mixtures as artificial cancer breath regardless of the low amount of biomarkers added.
3.2. Discrimination efficiency
As stated before (see 2.1), the quality of an electronic nose in a discrimination task can be evaluated by the number of misclassifications. For each concentration group, the number of neighbours (k) taken in consideration was the one giving the smaller percentage of misclassification, with k between 1 and 10. The results for the k-NN analysis are detailed on Table 4 below.
Table 4
Results for a k-Nearest Neighbours training using normalized data. Different concentrations of biomarkers in breath, expressed relatively to mean literature cancer breath concentrations.
	Concentration
	1.5x
	4x
	8x

	P4
	0.709
	0.879
	0.932

	Misclassified samples (%)
	28.76%
	12.08%
	6.75%

	Sensitivity
	0.806
	0.867
	0.946

	Accuracy
	0.712
	0.879
	0.932

	Precision
	0.674
	0.886
	0.921

	F1 Score
	0.734
	0.876
	0.933

	Healthy samples
	37
	46
	36

	Artificial cancer samples
	36
	44
	37



Quality of the classification indeed rises with higher concentrations as expected. It is notable that, even with low biomarkers additions, the electronic nose still manages to perform relatively well, with a sensitivity of 0.81, which have been considered noteworthy in other publications [23,55–57]. This is however misleading, as Fig. 3D and 3A shows, most of the samples are very close to the boundaries of the healthy group. This level of accuracy would not likely survive a larger sample pool.
The required performances on such small sample pools should be very high to be considered noteworthy, as only high-quality performances devices are likely to perform as intended once in real sampling conditions with a larger number of samples. This should translate in a very high threshold needed to trigger the performance index (see 3.4). 
3.3. Effect of confounders
As said before, a questionnaire was submitted to the volunteers with questions about basics habits (smoking and sports) as well as biometrics. We have found that with or without normalisation, no cluster or trend could be seen for the recorded parameters. Active and former smokers were not apart from nonsmokers. This is likely thanks to the “nothing by mouth” policy which allows for limited contamination of samples. Persons from various body mass indexes, age, frequency of sport practices, are blended together in PCA on all components as well.
According to the reference method [3], it was recommended to include artificial Chronic Obstructive Pulmonary Disease (COPD, frequent comorbidity with lung cancer) breath and artificial smoker breath (provided healthy smokers are not available) in the trial along the artificial cancer breath. This is intended to evaluate the ability of the e-nose to not confuse COPD/smoking markers for cancer. Due to logistic and scaling limitations, it was chosen not to include theses group in the trial. The inclusion of other types of artificial breath will be considered for future trials.
3.4. TD-GC-MS analysis
Principal component analysis on the results of the TD-GC-MS analysis shows that artificial cancer breath samples are clearly distinct from healthy breath samples, as illustrated by Figure 4 and that additions of biomarkers worked as intended. Several observations arise from this:
· The spread of healthy breath sample is very limited on the first component, while the spread of artificial cancer breath is much wider, showing a greater variety in the composition of artificial cancer breath. This is likely linked to a poor reproducibility of the injection and dilution process used to create artificial cancer breath, as the first component is linked to biomarkers concentration except for acetone and ethanol. More precise dilution and evaporations systems, such as the use of a permeation oven, could improve this aspect. The use of microfluidics for precise mixture creation would also be a very interesting path of development. The variety in composition does not hinder the whole experiment as variation within breath is expected, and conclusions can be drawn from the result even with the observed level of variations in mixtures.
· The spread of healthy samples is very wide on the second component, which is mostly linked to ethanol and acetone concentration. Both these compounds are not well retained on Tenax, which might explain the variability. Ethanol being used as a disinfectant on lab material between volunteers, contamination was expected, and is likely the explanation behind healthy outliers. Better drying procedure are to be considered in future experiments, or the inclusion of non-emissive disinfection procedures such as autoclaving. Fasting has also been reported to induce higher acetone breath content [58], which could explain some of the spread in Fig. 4. 
· [image: ]Sensors 2530T, 8530T and MP901 have responses more strongly correlated to biomarkers than other sensors, which confirms their adequate ability to discriminate healthy and cancer breath. It is however impossible with this dataset to identify which biomarkers correlate the most with the sensors’ responses. 
Fig. 4. PCA bi-plot of the TD-GC-MS data, with normalized sensor responses correlation added to the loadings plot (in blue squares). Red is for the cancer group; blue is for the healthy group. Triangles show the “4x” dataset, while dots show the “8x” dataset.
3.5. Performance index of SAMBre
As a reminder, the performance criterion is met if the P4 CPC reaches 0.9 or more with at least 35 samples of each group.
The criterion is met somewhere between the “4x” concentration group and the “8x” concentration group. According to the Equation 1 (see 2.1), the performance score is therefore:
(1/4+1/8)/2 = 0.1875
Which indicates that the biomarkers need to be about 5 times more concentrated than in real breath to be reliably discriminated by the device. 
In its current state, SAMBre is therefore unsuited for medical screening of cancer. However, concentrating the biomarkers using sorption on Tenax should enable the concentration needed to increase the performance score. Swapping sensors for more sensitive and less correlated counterparts is another strategy to increase the performance score.
The quality of this score is however without real validation: comparison with performances during a large-scale screening campaign using real patients should be realised to confirm that a low/high score translates into low/high classification performances in the field. A clinical trial is scheduled to happen in the future to validate the benchmarking approach. Using the present technique on experimental devices that have already been tested in hospitals would also be an interesting endeavour. 
4. Conclusion
In this paper, we aimed to demonstrate how it is possible to test the discriminative power of an electronic nose using artificial cancer breath and give it a performance score that allows comparison with other devices. Our investigation involved several meticulous steps, from recruiting healthy volunteers for breath collection to the creation of artificial cancer breath samples through the addition of biomarkers at varying concentrations.
Over four month, 21 volunteers donated a total of 126 healthy breath samples. No significant effect from basic habits and biometrics were found on the results in the PCA. 
E-noses have promising capabilities in distinguishing the breath of cancer patients from healthy patients or cancer from other conditions, as our literature review suggests. The e-nose developed for this paper was submitted to the benchmark and managed to obtain sufficient discrimination at higher concentration of biomarkers. While it managed to discriminate at realistic biomarkers concentrations, the resolution was not good enough for medical use, emphasizing the importance of sensitivity and diversity in sensors for achieving reliable detection. The complexity of the breath and the very low concentrations of cancer biomarkers reported in the literature, combined with the insufficient limit of detection of commercial MOS sensors resulted in the necessity to increase the concentrations of biomarkers 8 times before reaching the performance criterion. To enhance the e-nose's performance, we suggested potential strategies, such as concentrating biomarkers using sorption on Tenax and exploring more sensitive sensor options.
Additionally, we addressed the sensor drift over time using a calibration and linear correction method. Calibration and drift correction emerged as essential elements in ensuring the quality of our results.
Finally, we recognize the need for further investigations with larger sample sizes and real patient data. A comparison of the score obtained by a device with the performance of the same device in a real medical screening campaign context is desirable to confirm the relevance of this approach. 
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