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Abstract

According to the World Health Organization, the SARS-CoV-2 virus gen-

erated a global emergency between 2020 and 2023 resulting in about 7 million

deaths out of more than 750 million individuals diagnosed with COVID-19.

During these years, polymerase-chain-reaction and antigen testing played a
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prominent role in disease control. In this study, we propose a fast and non-

invasive detection system exploiting a proprietary mass spectrometer to mea-

sure ions in exhaled breath. We demonstrated that infected individuals, even

if asymptomatic, exhibit characteristics in the air expelled from the lungs

that can be detected by a nanotech-based technology and then recognized by

soft-computing algorithms. A clinical trial was ran on about 300 patients:

the mass spectra in the 10–351 mass-to-charge range were measured, suitably

pre-processed, and analyzed by different classification models; eventually, the

system shown an accuracy of 95% and a recall of 94% in identifying cases

of COVID-19. With performances comparable to traditional methodologies,

the proposed system could play a significant role in both routine examination

for common diseases and emergency response for new epidemics.

Keywords: SARS-CoV-2, COVID-19, Artificial Intelligence, Machine

Learning, Data Mining, Breathomics, Mass Spectrometry, MEMS, NEMS

1. Introduction

The World Health Organization (WHO) reports that the COVID-19 out-

break spreaded all over the world in 2019 caused more than 750 million

infections and slightly less than 7 million deaths1. Unprecedented efforts

have been made to reduce the rate of infection, including social restriction

and testing [1, 2].

Real-time quantitative polymerase chain reaction (RT-qPCR) has been

widely used for identifying infected subjects and illness management. A test

1https://covid19.who.int/ (retrieved on May 31, 2023)
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using this technology can identify SARS-CoV-2 ribonucleic acid on nasopha-

ryngeal or oropharyngeal swabs [3, 4]. However, due to its high sensitiv-

ity, reliable results require solid experimental design and an in-depth un-

derstanding of normalizing procedures are required [5]; false negative, that

is, infected subjects reported as healthy, may occur for several of reasons,

such as technical variables in sample collecting, transporting, and handling

of viral RNA, genetic diversity, sample types, viral load, and viral exposure

time [6]. Moreover, due to the requirement of authorized laboratories with

a minimum biosafety level 2 (BSL-2), shipping, processing, and reporting of

samples could overload laboratory facilities and delay the test results [7], not

to consider the expensive equipment and reagents.

Alternative strategies have been proposed trying to provide tests that

are at the same time rapid, not expensive, easy to use, and allowing the

identification of infections at earlier stages. Exhaled breath contains respira-

tory droplets and other small molecules, products of metabolic and catabolic

activities, that have been used as indicators of several diseases like lung dis-

eases, breast cancer, diabetes, and other infectious diseases as influenza. The

possibility to extend their use to detect COVID-19 provides several advan-

tages over more traditional methods [8, 9]: breath analysis is non-invasive,

which means that it does not require a healthcare provider to collect a sample

using a swab or other invasive procedure that may result in uncomfortable

situations for the patient under testing; breath analysis can be performed

rapidly, which means that test results can be obtained quickly allowing early

detection and preventing the spread of the virus; finally, breath analysis is

a relatively inexpensive and portable testing method, which means that not
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only hospitals and clinics, but also airports or other densely crowded loca-

tions where real-time testing may be of use.

Furthermore, differently from the simple virus presence, breath analysis

could potentially provide information about the stage of infection. For ex-

ample, certain patterns of volatile organic compounds (VOCs) in the breath

may be more common in the early stages of infection, while other patterns

may be more common in the later stages. This can be useful for determining

the appropriate course of treatment for an infected individual. This holds

also for the severity of the infection, differentiating between severe and mild

infections, and providing useful information in determining the level of care

that an infected individual may require [10].

In this paper, we propose a detection system that uses mass spectrometry

and soft computing to quickly analyze exhaled breath from patients and

identify the presence of COVID-19. The approach does not require the prior

identification of VOCs, but rather relies directly on the analysis of the mass

spectrum. We exploit a proprietary nano-sampling device paired with a

high-precision mass spectrometer able to perform mass spectra analysis in

the range 10m/z to 351m/z almost in real time (i. e., usually in few seconds

and in less than few minutes in the most unfavorable cases). The raw data

are filtered and pre-processed to extract relevant information, then analyzed

using standard machine learning (ML) classifiers to detect the COVID-19

presence. The proposed system does not need any reagent and does not

produce any hazardous waste; breath samples could be preserved in special

containers, allowing the collection to be easily performed by non-specialized

staff in different locations. The clinical evaluation performed on about 300
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volunteers demonstrates these claims and its reliable performances (namely,

95% accuracy, 94% recall, 96% specificity, and F1-score of 92%).

The rest of the paper is organized as follows: Section 2 introduces the

problem; Section 3 sketches the proposed approaches; and Section 4 reports

the experimental evaluation. Section 5 concludes the paper.

2. Background and Related Work

The biological markers, or simply biomarkers, are measurable indicators

of some biological state or condition. They are medical signs, or objective

indications of medical state observed from outside the patient with accurate

and reproducible measurements. In biomedicine, the research of disease-

specific biomarkers has grown in importance. Finding dysfunctional healthy

states in patients, possibly in the early stages of the disease, is the aim of

biomarker discovery.

The metabolome of a biological system refers to its set of metabolites with

a molecular weight of less than 2000Da. VOCs are a sub-category of this

set [11] that includes small molecules with weight less than 500Da [12]; such

compounds, that include hydrocarbons, alcohols, ketones, aldehydes, and

esters, can be directly measured in the gas phase, even through non-invasive

and online monitoring [13].

Breath metabolomics, or breathomics, provides insight into all the metabolic

processes in the body [10]. Human exhaled breath contains respiratory

droplets and VOCs [14] produced by metabolic and catabolic human ac-

tivities [15]. These molecules can be used as indicators for lung diseases

[16], breast cancer and diabetes, or other infectious diseases as influenza
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[17, 18, 19, 20]. Exhaled VOCs offer a singular source of beneficial biomark-

ers that are directly correlated with the body’s metabolism [21, 22], pheno-

type and health status [15, 23]. The diseases’ chemical patterns, namely its

volatilome, allow for the evaluation at early stages even spreading diseases,

like COVID-19 [24].

Breath analysis has the potential to expand the range of diagnosis plat-

forms for fast and accurate detection of a disease at an early stage, or for

metabolic phenotyping, and so contributing to the development of precision

medicine and treatment optimization [10, 25]: it is noninvasive, convenient,

and fast and several different technologies and approaches are being used

to develop breath analysis devices for the detection of COVID-19 and other

diseases [26, 27, 28]. Among the many approaches, mass spectrometry can

be used to measure the chemical composition of a person’s breath, and ma-

chine learning algorithms can be trained to recognize patterns associated

with specific diseases.

Mass spectrometry (MS) has become an essential tool in the detection and

quantification of biomolecules. Its applications in the clinical area, mainly

due to high precision and sensitivity, have allowed the discovery of molecular

signatures related to SARS-CoV-2 infection and proved useful to select the

therapeutic approach and monitoring the patient [29].

MS is an analytical technique used to identify and characterize chemi-

cal compounds based on their mass-to-charge ratio (m/z). This technique

offers high sensitivity [30] and finds use across various disciplines, including

proteomics [31], metabolomics [32], pharmacology [33], and environmental

science [34].
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At its core, mass spectrometry involves the separation and analysis of

ionized molecules based on their mass-to-charge ratio. The first step in mass

spectrometry is ionization, where the analyte molecules are converted into

gas-phase ions. Once ionized, the ions are separated based on their m/z ra-

tio through a mass analyzer. A common choice among mass analyzers is the

quadrupole, which uses a combination of direct current and radiofrequency

(RF) fields to selectively transmit ions based on their m/z ratio, in high vac-

uum conditions. Vacuum pumps are essential for creating and maintaining

a high vacuum environment within the mass spectrometer, enabling efficient

ion transport that ensures high sensitivity of the instrument. Finally, a de-

tector measures the ion currents and convert them into electrical signals that

are processed to produce a mass spectrum, which represents the abundance

of ions at different m/z values.

3. Proposed Approach

3.1. Proprietary Mass-Spectra Technology

Standard mass spectrometers are subject to stringent constraints in terms

of inlet sample flows and vacuum conditions. Obtaining high-sensitivity re-

quires for the gas to be in a molecular regime inside the MS device. This

condition ensures reduced scattering effects, and consequent losses, in the

ion beam. The condition of molecular regime imposes requirements on the

geometrical dimension of the system and, ultimately, on the pressure in the

ionization chamber and the pressure in the MS sensing chamber. Given

standard MS inlet fluxes, the pressure requirements to obtain a molecular

regime can only be achieved by complex differential vacuum systems, bulky
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Figure 1: A schematic representation of the experimental apparatus.

connections, and expensive vacuum pumps [34].

To get around this problem, a different approach is made possible by a

proprietary nano and micro electro-mechanical systems (NEMS/MEMS) [35,

36, 37]. In this specific case, we use a MEMS that is made up of a micrometer-

scale orifice [38]. This device is used as interface between the breath sample,

at atmospheric pressure, and the ionization chamber, at vacuum conditions.

The selected micro-orifices diameters ensure the flux entering the ionization

chamber is approximately at molecular regime [39, 34], even at high gradient

pressure. Since also the exiting flux to the quadrupole is at molecular regime,

due to the high vacuum conditions in the MS sensing chamber, the same

concentrations of the sampled gas mixture in the tedlar bag are kept into

the ionization chamber, but at lower pressure. Figure 1 shows a schematic

representation of the experimental setup.
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This device allows to reduce the inlet gas flow by more than four orders of

magnitude, with respect to standard MS gas analizers, and is able to operate

with ultra-simplified vacuum systems [34]. Furthermore, this new technology

allows to sample at constant pressure instead of constant flux, removing the

need for additional tools for flux control [34].

Such devices allow to optimize sensitivity and to reduce measurement

time, thus providing an ideal tool for several applications, including diagnosis

through breath analysis. By studying the mass spectrum, it is possible to

obtain information about the chemical composition of the breath, including

the presence of various VOCs.

3.2. Pre-processing

Once the obtained dataset composed by the acquisitions of the spectra

for each patient has been stored, signals are cleaned through a pre-processing

procedure that reduces noise and machine-variation of the acquisitions.

For each acquisition, the recorded m/z positions may be shifted with

a specific alignment when the machine records the quantity of the ionized

molecules due to measurement noise. A peak-alignment procedure is thus

necessary. This procedure enables reducing the noise of the machine and

compacting information. The peak alignment procedure is based on moving

the peak to the nearest integer position, using them as anchors. The curves

between two nearby peaks are stretched or compressed to sustain their orig-

inal shape, preventing information loss. Peaks with mass i are thus moved

to the nearest integer position. Stretching and compression between peaks

is done by linear interpolation to fit the corresponding segments in the refer-

ence. A graphical plot after the peak alignment can be seen in Figure 3. By
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summing all the intensities for each m/z in each acquisition, we can obtain

the Total Ion Current (TIC) curve plot in Figure 2. After a certain time, the

TIC curve stabilizes, reaching a plateau.

For each patient, we can obtain a single robust mass-spectra measurement

by averaging the acquisitions in the plateau zone. To achieve this, first, it

is necessary to identify the plateau in the TIC curve by means of gradient

computation of the signal. A plateau-searching procedure was implemented,

based on looking for acquisitions that do not vary so much from each other.

The plateau searching procedure was implemented as follows:

• For each acquisition, we first applied a 1D-uniform filter to smooth the

signals. This is based on taking the arithmetic average of each mass

intensity value with its neighbors, with a window size of 1.

• We computed the gradient of the signals.

• A plateau is a zone that is almost flat, ideally where the gradient is

zero, or in which the gradient does not vary so much from zero: we

computed a tolerance guard-band ϵ, to identify as “flat” a zone in

which the gradient is near to zero (i. e., its absolute value is below ϵ).

This ϵ was computed on the basis of the q− th quantile, in which q is a

number in the range [0, 1] that indicates how tolerant the requirement

of the constant slope of the plateau is.

• Once the plateau of maximum length is found (that vary from 3 to

5 acquisition, for each patient), we computed standard deviations of

acquisition in the plateau by deploying a rolling window of size 4. We

then found the acquisitions for which the rolling window of standard

10



deviation is minimum, and we computed the mean among these acqui-

sitions, obtaining a single spectrum for each patient.

The model is trained on all the acquisitions extracted in the plateau zone

by the procedure described above. This permits increasing both the number

of training samples by a factor of 3-4 and the variability in the data, thus,

leading to more accurate models. During the testing phase, instead, we

considered a single mass spectrum for each patient, extracted by averaging

the multiple acquisitions of each patient.

To eliminate both noise in the measurements and the possible parameters

variations in the setting of the machine on different days, a signal smoothing

procedure was implemented. We first normalized each spectra by dividing for

the TIC, in order to obtain relative information about the breath composition

(i. e., each intensity was divided by the sum of all the intensities, thus scaling

the feature in the range (0, 1)). We then applied a high-pass filter, considering

as noise (and thus, treating as zero) each intensity below 0.0001. Then,

we applied a Savitzky-Golay Smoothing and Differentiation Filter [40, 41]

to remove noise and align the signals to the baseline. This type of filter

is used as a pre-processing step in spectra analysis to reduce both high-

frequency noises, due to its smoothing properties, and low-frequency signals

using differentiation. We then applied again a high-pass filter, considering as

zero each intensity below 0.001, to remove possible artifacts introduced by

the filtering procedure.

Once implemented the filtering and pre-processing procedure for a single

mass range, we applied it to all the mass ranges and combined the obtained

spectra. Since we consider different acquisitions for each mass range, merg-
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ing them together means considering all the combinations of the different

acquisitions for each range. In other words, the expansion lead to a dataset

in which each row is a particular combination of the different acquisition

of each mass range, for each patient. This procedure is something similar

to creating artificial rows-patients, in which each of them varies for one of

the four pieces of the spectra. As an additional step, we further normalized

the whole spectra by the total sum of the intensity, obtaining only relative

information in the range (0, 1).

3.3. Machine-Learning Models

Several machine-learning (ML) techniques have been used by scholars in

the context of COVID-19 [42, 15]. We propose to exploit state-of-the-art ML

models: K-nearest neighbors (KNN) random forest (RF), logistic regression

(LR), gradient boosting (XB), support vector machine (SVM) with RBF

kernel, and an ensemble made by all the model together, in a hard-voting

fashion (Ens). To reduce the feature that ML models should analyze, simplify

the model, and avoid overfitting, feature reduction techniques are used.

Features are filtered by removing all the feature that present a variance

equal to zero (thus, we removed all the m/z for which no intensities were

measured in the filtered dataset). Then they are normalized by means of

standard normalization approaches (Standard Scaler). The Standard Scaler

scales each feature by subtracting the mean and diving by the variance.

However, the outliers have an influence when computing the empirical mean

and standard deviation. Therefore, it may not ensure a balanced scaling of

features in the presence of outliers. To solve this issue, we propose to use

a Robust Scaler : the centering and scaling statistics computed by this type

12



of normalization approach are based on percentiles and are therefore not

influenced by a few very large marginal outliers. This removes the median

and scales the data according to the interquartile range (the IQR), which is

the range between the 1st quartile (25th percentile) and the 3rd quartile (75th

percentile).

Then, we used principal component analysis (PCA) [43, 44] to extract the

first 20 principal components of our dataset. But before applying the PCA,

a further step of feature selection approach can be performed, to select only

the most informative features, the ones the most linked to the target task (in

a supervised-feature selection fashion).

For this purpose, we used a Relief based algorithm [45], called SURF*.

Relief algorithm use a filter-method approach to feature selection that is no-

tably sensitive to feature interactions. It is based on having a feature score.

The scoring involves comparing feature values between pairs of neighboring

instances to determine their importance. If a feature value difference is de-

tected in a neighboring instance pair with the same class, the feature score is

decreased, which is known as a hit. On the other hand, if a feature value dif-

ference is observed in a neighboring instance pair with different class values,

the feature score is increased, which is referred to as a miss.

The SURF algorithm is a variant of the Relief algorithm that consid-

ers nearest neighbors, including both hits and misses, based on a distance

threshold from the target instance. The distance threshold is defined by the

average distance between all pairs of instances in the training data. Accord-

ing to research [46], SURF has been found to outperform ReliefF in detecting

2-way interactions. SURF* (or SURF Star) [47] is an extension of the SURF
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algorithm that not only considers near neighbors but also far instances in

the scoring updates. However, inverted scoring updates are employed for far

instance pairs.

3.4. Model Evaluation

Patients have been split into training and test data: the training data

are used to create the ML models, while the testing data are used only for

evaluation purposes. We evaluated the experiments on 10 different training-

test splits, averaging the results to obtain an unbiased estimation of the

generalization performances of our models. We used a 10-fold Stratified

Cross Validation. Results are presented in terms of famous classification

performances: balanced accuracy (A), precision (P ), recall (R), and F1-Score

(F1).

These metrics are computed on the basis of the number of samples cor-

rectly and incorrectly predicted by our model and are based on the concept

of true positives, true negatives, false positives, and false negatives. A true

positive (TP ) is an outcome where the model correctly predicts the posi-

tive class. Similarly, a true negative (TN) is an outcome where the model

correctly predicts the negative class. A false positive (FP ) is an outcome

where the model incorrectly predicts the positive class. And a false negative

FN is an outcome where the model incorrectly predicts the negative class.

The balanced accuracy avoids inflated performance estimates on imbalanced

datasets. It is the macro-average of recall scores. Intuitively, the precision is

the ability of the classifier not to label as positive a sample that is negative,

while recall is the ability of the classifier to find all the positive samples. The

F1 score can be interpreted as a harmonic mean of the precision and recall,
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where an F1 score reaches its best value at 1 and worst score at 0. The

relative contribution of precision and recall to the F1 score are equal. In

formula, A, P , R, and F1 are computed as below:

A =
1

2

(
TP

TP + FN
+

TN

TN + FP

)
(1)

P =
TP

TP + FP
(2)

R =
TP

TP + FN
(3)

F1 = 2
P ·R
P +R

(4)

For experiments on the whole mass spectra with the four ranges together,

we also computed two additional performance metrics, that are Specificity

and the area under the receiver operating characteristic curve (ROC-AUC).

While the recall is a measure that evaluates a test’s ability to correctly iden-

tify unhealthy individuals without a particular condition, specificity carry

the same concept but for the healthy patients. It is calculated using the for-

mula specificity = TN
TN+FP

Essentially, specificity represents the probability

of obtaining a negative test result when a patient is actually healthy. When a

test exhibits high specificity, a positive result becomes valuable in confirming

the presence of the disease, as the test rarely produces positive outcomes in

healthy individuals. If a test has 100% specificity, it will correctly identify

all patients without the disease by yielding negative results. Thus, a positive

test outcome would definitively indicate the presence of the disease. Another

way to interpret specificity is as the recall of the negative class.
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A receiver operating characteristic (ROC) curve is a visual representation

that showcases the performance of a binary classifier system as the threshold

for classification is adjusted. It plots the true positive rate (TPR) against the

false positive rate (FPR) at different threshold values. TPR is also referred

to as sensitivity, while FPR is the complement of specificity.

The ROC-AUC quantifies the overall performance of the classifier by

calculating the area beneath the ROC curve. This single numerical value

summarizes the information conveyed by the entire curve.

4. Experimental Evaluation

Breath samples were collected from patients and medical personnel at

Varese Hospital (Ospedale di Circolo — Fondazione Macchi, ASST Sette

Laghi). The acquisition lasted complexively one year, from March 2021 to

March 2022, for a total of 302 tested subjects, some tested more than once

to calibrate the system. The mass spectra have been collected with a Var-

ian 1200L mass analyzer, combined with the MEMS interface, as shown in

Figure 1. As ground truth to confirm SARS-CoV-2 infection, a RT-qPCR

nasopharyngeal swab testing has been performed on all subjects.

4.1. Test protocol

The subject’s breath is collected into a sampling tedlar bag with a defined

volume of 3 litres, by having the subject blow through a straw directly into

the bag. Then, the bag is connected to the inlet valve of the MS apparatus.

As shown in Fig. 1, the inlet valve can have two possible settings: the first

setting allows for the sample mixture, at atmospheric pressure, to flow from

the bag to the ionization chamber, directly through the MEMS interface; the
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second setting connects the MEMS interface to a membrane pump, in order

to clean the inlet line, bringing it to vacuum conditions (≃ 1 × 10−3mbar).

Figure 2 shows the TIC behaviour when the breath sample flows into the

MS system: the initial increase is due to the abrupt pressure change at the

valve opening and, after a few tens of second, TIC curve shows a plateau

region[38] when the flux reaches stability.

Mass spectra are recorded via the Varian 1200L mass analyzer software,

which allows to set some acquisition parameters like mass range, acquisition

time and electron multiplier (EM) voltage. The latter parameter ultimately

sets the detector amplification factor.

We recorded mass spectra in the following ranges:

• 10m/z to 51m/z, with an acquisition time of 10 s and EM voltage of

1000V;

• 49m/z to 151m/z, with an acquisition time of 14 s and EM voltage of

1800V;

• 149m/z to 251m/z, with an acquisition time of 14 s and EM voltage

of 1800V;

• 249m/z to 351m/z, with an acquisition time of 14 s and EM voltage

of 1800V;

To avoid signal saturation, the amplification in the first mass range was re-

duced due to the presence of the most abundant breath components, namely

CO2 (44m/z), N2 (28m/z) and O2 (32m/z).
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Figure 2: Total Ion Current (TIC) of a recording from one sample. The recording is made
up of about 10 acquisitions (green dots), each corresponding to a mass spectrum. The
spectra used for the analysis are selected on the plateau of TIC (red dotted region).

4.2. Data Analysis

The raw dataset presents breath samples for a total of 1208 acquisitions in

302 patients, divided into 91 positive records and 211 negative records. After

removing outliers (with a z-score greater than 8, for at least one feature)

and patient for which it was not possible to identify a plateau, we reached

287 patients for mass range 2 and 203 if we consider all the ranges. These

problems were caused by the highly prototypical nature of the equipment;

it is worth noticing that, in a real application, it would have been possible

to repeat the measurement. To address the issue of high class imbalance,

we utilized a simple oversampling technique on the minority class (i. e., the

COVID-19 positive class) in each iteration of the training-test procedure.
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Figure 3: Aligned and non-aligned peaks of the mass spectrum of a single patient.

Figure 4: The comparison of spectra before (top) and after the filtering and normalizing
procedure (bottom) shows the removal of low-frequency noise. Negative patients are on
the left (blue), positive on the right (red).
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Figure 5: Examples of whole spectra (10m/z to 351m/z) for negative subjects (top, blue)
and positive ones (bottom, red)
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Figure 6: 2D t-SNE representation of the whole spectra for all the 47,084 samples gener-
ated.

The results of the approaches described in 3.2 can be found in Table 2.

The expansion procedure increased the dimensionality of the dataset to

47 084 samples but created from only 203 patients. A graphical 2D rep-

resentation of the points obtained with t-SNE dimensionality reduction [48]

is presented in figure Figure 6. There, a precise boundary between positive

and negative samples can be seen.

The filtering of features reduced the number of features from 1021 to 611

in the mass range 2 and from 3411 to 1734 in the whole spectrum. The

results of training on different mass ranges and testing them on the test sets

without feature pre-processing seems to indicate mass range 2 as the more

useful for classification with a F1 score of 0.70 and accuracy of 0.83 (Tables 1
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and 2).

As shown in Table 2, the idea of inserting multiple acquisition for each

patient in the training set, while averaging them on the test set, lead to

a lower prediction error and higher classification performance with respect

to a single, robust spectrum. With the Ensemble model, we can reach the

91.4% of balanced accuracy and the 86.9% of F1-Score if we include all the

stable acquisitions in the training set, while we reached the 89.8% of accuracy

and 84.8 % of F1-Score with the same ensemble model, but with a single

acquisition per patient. This hold also for the other model taken into account.

Filtering and normalizing the spectra is also beneficial, since it permits to

increase the classification performance for all the models: if we compare

Table 1 and Table 2, it is evident that, for range 2, we increased the accuracy

from 84% to 93.4%, and the F1-Score from 70% to about 89%.

The SVC and Ensemble algorithms have the highest recall values for all

the data processing setup, indicating that they have the highest ability to cor-

rectly identify true positives patients. In general, these two algorithms have

the highest prediction performances, that, in principle, could be additionally

improved with a fine search in the hyperparameters.

Including a Feature Selection steps was not beneficial in terms of error

metrics: with the SURF* algorithm, the error metrics decrease. It may be

due to complex interaction between features, that this algorithm is not able

to catch. The robust scaler permits to decrease the standard deviation in

the performance metrics, and thus the error fluctuations, due to the ability

to deal with outliers values. It is extremely beneficial in the case of SVM,

and also with the Ensemble method.
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Using all the spectra together, and the subsequent artificial samples cre-

ation technique permitted used to reach the best performances in terms of

error metric Table 3: with the ensemble method, we achieve 95% accuracy,

94% recall, 96% specificity, and F1-score of 92%.

Table 1: Average results with different mass ranges on the test set on 10 runs, no features
pre-processing

Model Mass Range Accuracy Precision Recall F1-Score

RF 1 0.78 0.65 0.56 0.60
RF 2 0.82 0.69 0.69 0.68
RF 3 0.82 0.72 0.57 0.63
RF 4 0.79 0.65 0.53 0.57
Ens 1 0.82 0.70 0.67 0.68
Ens 2 0.84 0.75 0.69 0.71
Ens 3 0.80 0.68 0.57 0.61
Ens 4 0.77 0.62 0.60 0.59

5. Conclusions

We presented a framework for COVID-19 detection by breath samples.

We used a prototype of a special MS portable machine able based on nan-

otechnology to analyze human breath in about 2 minutes, extracting the

mass spectrum of a patient in the interval 10-351, divided into four sub-

ranges. Experiments showed that the mass spectra can be related to the

presence of COVID-19 by means of ML classification models. We proposed

a filtering procedure based on Savitzky-Golay filter to reduce possible noise

in the acquisitions. Results showed that with simple approaches we are able

to get about 93% accuracy and 94% recall with mass range of 49m/z to

151m/z, which seems to be the most appropriate in predicting COVID-19
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Table 2: Mean Results of Classification Algorithms on the test sets with mass range 2

Alg. Filtering Feat. Sel. Acquisition Accuracy Precision Recall F1 Score
xGB No PCA Single 0.83 ± 0.04 0.74 ± 0.10 0.77 ± 0.08 0.75 ± 0.06
xGB Yes PCA Single 0.88 ± 0.07 0.79 ± 0.08 0.86 ± 0.13 0.82 ± 0.09
xGB Yes PCA Multiple 0.93 ± 0.05 0.85 ± 0.14 0.94 ± 0.07 0.88 ± 0.09
xGB Yes SURF*, PCA Multiple 0.86 ± 0.07 0.78 ± 0.14 0.83 ± 0.10 0.80 ± 0.10
xGB Yes (RS) PCA Multiple 0.90 ± 0.04 0.82 ± 0.10 0.89 ± 0.08 0.84 ± 0.05
KNN No PCA Single 0.89 ± 0.05 0.73 ± 0.09 0.92 ± 0.08 0.81 ± 0.07
KNN Yes PCA Single 0.87 ± 0.05 0.73 ± 0.07 0.89 ± 0.08 0.80 ± 0.07
KNN Yes PCA Multiple 0.91 ± 0.07 0.80 ± 0.14 0.93 ± 0.10 0.85 ± 0.11
KNN Yes SURF*, PCA Multiple 0.85 ± 0.07 0.70 ± 0.13 0.87 ± 0.10 0.77 ± 0.11
KNN Yes (RS) PCA Multiple 0.91 ± 0.05 0.78 ± 0.12 0.94 ± 0.08 0.84 ± 0.08
LR No PCA Single 0.86 ± 0.05 0.71 ± 0.12 0.88 ± 0.07 0.78 ± 0.08
LR Yes PCA Single 0.85 ± 0.06 0.71 ± 0.08 0.85 ± 0.10 0.77 ± 0.07
LR Yes PCA Multiple 0.88 ± 0.06 0.73 ± 0.14 0.92 ± 0.10 0.80 ± 0.10
LR Yes SURF*, PCA Multiple 0.88 ± 0.07 0.74 ± 0.13 0.89 ± 0.10 0.80 ± 0.10
LR Yes (RS) PCA Multiple 0.89 ± 0.05 0.76 ± 0.11 0.91 ± 0.08 0.82 ± 0.08
RF No PCA Single 0.87 ± 0.05 0.79 ± 0.10 0.84 ± 0.09 0.81 ± 0.07
RF Yes PCA Single 0.89 ± 0.04 0.82 ± 0.11 0.87 ± 0.08 0.84 ± 0.05
RF Yes PCA Multiple 0.91 ± 0.07 0.80 ± 0.14 0.92 ± 0.09 0.85 ± 0.10
RF Yes SURF*, PCA Multiple 0.85 ± 0.09 0.75 ± 0.16 0.82 ± 0.13 0.78 ± 0.12
RF Yes (RS) PCA Multiple 0.90 ± 0.03 0.81 ± 0.07 0.90 ± 0.07 0.84 ± 0.04
SVC No PCA Single 0.65 ± 0.07 0.82 ± 0.20 0.32 ± 0.13 0.45 ± 0.16
SVC Yes PCA Single 0.76 ± 0.10 0.82 ± 0.15 0.57 ± 0.17 0.66 ± 0.15
SVC Yes PCA Multiple 0.89 ± 0.05 0.76 ± 0.13 0.91 ± 0.13 0.81 ± 0.07
SVC Yes SURF*, PCA Multiple 0.86 ± 0.08 0.77 ± 0.17 0.83 ± 0.09 0.79 ± 0.12
SVC Yes (RS) PCA Multiple 0.93 ± 0.04 0.85 ± 0.09 0.94 ± 0.07 0.89 ± 0.06

Ens. No PCA Single 0.87 ± 0.03 0.77 ± 0.10 0.84 ± 0.06 0.80 ± 0.06
Ens. Yes PCA Single 0.90 ± 0.07 0.82 ± 0.11 0.89 ± 0.10 0.85 ± 0.09
Ens. Yes PCA Multiple 0.93 ± 0.07 0.83 ± 0.15 0.94 ± 0.09 0.87 ± 0.11
Ens. Yes SURF*, PCA Multiple 0.89 ± 0.07 0.79 ± 0.16 0.88 ± 0.08 0.82 ± 0.12
Ens. Yes (RS) PCA Multiple 0.92 ± 0.04 0.81 ± 0.09 0.94 ± 0.07 0.87 ± 0.06

disease. We found out that the use of Robust scaling techniques, based on

the median and IQR scaling, in conjunction with PCA feature extraction

were beneficial in predicting COVID-19 diseases. We were able to merge

all the spectra ranges, reaching classification performances of about 95% of

accuracy and 98% of ROC-AUC score. In general, the special portable MS

machine is potentially deployable in COVID-19 hubs to detect in a fast, easy,

comfortable way the presence or not of COVID-19. The use of ML to relate

mass spectra to special diseases enables early detection, rapid test results,

and less risk of infection for healthcare providers.
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Table 3: Mean Results (10 Splits) for the whole mass range 10-351.

Alg. Accuracy Precision Recall F1 Score Specificity ROC-AUC

KNN 0.93 ± 0.06 0.87 ± 0.09 0.92 ± 0.09 0.89 ± 0.08 0.94 ± 0.04 0.95 ± 0.04
RF 0.91 ± 0.06 0.88 ± 0.10 0.87 ± 0.12 0.87 ± 0.07 0.95 ± 0.04 0.98 ± 0.03
LR 0.94 ± 0.04 0.84 ± 0.12 0.96 ± 0.07 0.89 ± 0.07 0.93 ± 0.05 0.97 ± 0.04
xGB 0.94 ± 0.03 0.88 ± 0.08 0.93 ± 0.07 0.90 ± 0.03 0.95 ± 0.03 0.98 ± 0.03
SVC 0.93 ± 0.06 0.89 ± 0.09 0.90 ± 0.12 0.88 ± 0.06 0.95 ± 0.04 0.98 ± 0.02
Ens. 0.95 ± 0.04 0.90 ± 0.08 0.94 ± 0.07 0.92 ± 0.05 0.96 ± 0.03 0.98 ± 0.03
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