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Abstract: A new data processing method based on Machine Learning (ML) algorithms has been
developed and tested in clinical environments during COVID-19 trials at the Medical University of
South Carolina (MUSC). Breath samples have been collected in 2020-2021 from 100 participants
using gas chromatography combined with ion mobility spectrometry (GC-IMS, G.A.S. mbH).
Polymerase chain reaction (PCR) tests combined with clinical diagnostics were used as a reference
method. Once the ML training-testing cycle is completed, the diagnostics of a single data set may
be completed in as little as a few seconds. A convincing difference in the Volatile Organic
Compounds (VOS) breath biomarker signature with COVID-19 positive and negative participants
has been found. This approach is a generic method that can be applied to data sets collected with
other types of hardware, e.g., different settings of GC, GC-MS, GC-GC, or other methods providing
high information density in 2-dimensional data sets.
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Introduction

Exhaled volatile biomarkers carry information about the state of human health (Davis et al.,
2021). The importance of the development of short-turnaround-time, random-access, point-of-care
devices for the diagnosis of SARS-CoV-2 infections cannot be overemphasized. These tests might be
very important for mass screening, real-time patient management, and infection control decisions
(Tang et al., 2020).

Many of the current metabolomics studies aim to identify specific biomarkers. Different specific
statistical and machine learning strategies were used to create multi-metabolite biomarker models
(Xia, et al., 2012).

The advantages of using metabolite biomarkers (speed, reproducibility, quantitative accuracy,
low cost, non-invasiveness, and small sample volume) combined with the remarkable success of
newborn screening programmes have inspired many metabolomics researchers to pursue biomarker
studies for other diseases (Chace, 2001; Wilcken et al., 2003).

Many techniques were applied for volatile biomarker quantification, such as real-time, online
Proton Transfer Reaction time-of-flight mass spectrometry (PTR-MS) to perform a metabolomic
analysis of expired air from patients with acute respiratory distress syndrome (ARDS) (Grassin-
Delyle et al., 2021). A characteristic breathprint for COVID-19 has been identified in a multivariate
analysis. In addition, PTR-MS and selected ion flow tube (SIFT)-MS, mass spectrometry with Ionic
Molecule Reactions (IMR-MS), Ion Mobility Spectrometry (IMS), and Field Asymmetric lon Mobility
Spectrometry (FAIMS) have also been used to diagnose various diseases using VOC metabolites
(Beliza'rio et al., 2021).

These techniques enabled researchers to establish links between specific VOC molecular
biomarkers and various diseases. However, the methods described are developed mainly for
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laboratory conditions; they are expensive, not suitable for clinical environments, require a long time
to process data, or require highly-trained personnel to operate and analyse data.

Here we are using a GC-IMS developed for clinical environments, enabling fast diagnostics and
making it affordable for wider users (Ruszkiewicz et al., 2020). The GC-IMS technique is similar to
GC-MS, but it is operated at atmospheric pressure. The GC-IMS delivers selectivity and sensitivity
sufficient to identify molecular biomarkers. A novel data processing method based on Machine
Learning (ML) algorithms has been especially developed and tested in this study.

Experimental
Participants profile

Data were collected at the Medical University of South Carolina (MUSC). Two cohorts of COVID-19

positive participants were studied, including hospitalised patients with chronic symptoms.

For the trials, consenting participants in the trial were a mixture of COVID-19-infected patients
in wards and non-COVID-19-infected participants. Eligibility criteria were defined as follows: The
minimum age for participation was 16 years old. All ethnicities and genders were included. Exclusion
criteria were: those below age 16, those unable to consent, ITU patients on a ventilator, and pregnant
women. The breakdown of participants is shown in Table S1; Supplementary Materials. The median
age was 60.5; Supplementary Materials.

For the trial, the age of participants ranged from 24 to 99. The median age was 60.5. More
information on the age distribution and ethnicity is shown in the Supplementary Materials.

For the analysis, some cases were excluded, for the following reasons:

L The data quality rating was Q2 or Q3. This excluded 9 from the main dataset (see section on
data quality).
II. The Covid-19 PCR swab test was negative, but the patient was symptomatic (these were

tagged as “suspected” Covid-19). This accounted for 1 case in the.

The number of participants used in the data analysis is shown in Table 54 of the Supplementary
Materials. The quality selection is described in the Supplementary Materials.

Data Collection

The breath data were sampled in clinical environments using a BreathSpec® GC-IMS developed
by G.A.S. mbH (Germany), Ruszkiewicz et al., (2020). The breath samples were acquired by having
the patient blow into a specially designed breath sampler (Supplementary Materials).

The GC-IMS records volatile biomarkers from a breath sample. A raw spectrum comprises a 2D
dataset that is defined by the GC retention time and the IMS drift time. A typical spectrum of a breath
sampler contains a vast number of individual molecular VOC biomarkers (Ruszkiewicz et al., 2020).
Extended libraries of both the retention times and the drift times are available for most chemicals.

Machine Learning Algorithm

Currently, the breath diagnostics paradigm is based on the identification of specific and non-
specific biomarkers associated with a disease (Amman and Smith, 2013). Often, a disease generates a
few specific biomarkers and many non-specific biomarkers common to many different diseases and
conditions. For example, for the COVID-19 VOC 11, non-specific markers are identified by
Ruszkiewicz et al. (2020). These VOC markers are not unique and are present in many breath samples
associated with ketosis, gastrointestinal effects, and inflammatory processes. Therefore, the presence
of a non-specific marker cannot be used for diagnostics.

For the COVID-19 diagnostics, as for many other diseases, variations in the signal intensity of
selected markers enable one to find a statistically significant association with the decrease. These
pattern variations were used for the diagnostic.

While it seems to be possible to manually analyse peaks in the spectra to identify COVID-19
markers, in reality, this is very difficult or often practically impossible due to the large number of
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spectra obtained. It might be beneficial to develop an automatic procedure to analyse and classify the
entire spectrum. Therefore, in this study, instead of identifying biomarkers and their variation
patterns, a new approach is suggested. It is based on a unique ML algorithm advantage, enabling one
to identify patterns in the entire dataset without identification of the individual VOC biomarkers. It
is expected to work much faster than a traditional approach based on the identified biomarkers.

Machine learning algorithms used here have been developed to find diagnostic features
automatically in large datasets by utilising Deep Neural Networks (DNN). The dataset obtained in
this trial was analysed by these algorithms (DeepBreath, Deeplight Technologies Ltd.). These
algorithms are designed to work with the 2D spectra output by the GC-IMS or similar instruments,
e.g., GC-MS or GC-GC.

In operation, a breath biomarker spectrum and a set of clinical data are introduced to the trained
software (DeepBreath), where the information flows through several layers of neural networks
(Cover and Thomas, 2006). During this information flow, more and more features relevant to positive
and negative elements are accumulated. And finally, the flow of information is coming out of the
neural network with predominantly positive or negative diagnostic results. After training, a single
GC-IMS spectra is processed in 5 to 10 seconds.

Results and Discussion

Then the model was trained using a proportion of the dataset, keeping the remainder for testing.
During the testing, for each participant, a score between zero and one was generated by the ML
algorithms to indicate the likelihood of a negative (zero) or positive (one) diagnosis. The score
depends on how well the features in the spectra match with the trained model. A well-matched
spectrum will give a score close to the RT-PCR diagnosis for that participant, i.e., close to zero for a
COVID-19 “negative participant” and close to 1 for a COVID-19 “positive participant.”

An example of the prediction score (Figure 4) shows two pluralities of positive and negative
dots. Each dot represents a participant with a COVID-19 diagnostic prediction score in the range of
0 to 1. Ideally, one can expect dots to be fully separated and located near the perdition score 1 for
“positive participant” and near the perdition score 0 for “negative participant.” In reality, two
important factors have to be taken into account:

1. The accuracy of the reference method’s diagnostics (RT-PCR) may not be 100%, see
Supplementary Materials.

2. The number of participants may be an issue. It's well known that increasing the number of
participants increases the accuracy of the prediction score.

In Figure 4, the majority of positive prediction scores (blue dots) are in the range of 0.8 to 1.
However, a small number of positive prediction scores are spread over 0.3 to 0.8. The negative
prediction scores (orange dots) are spread over a wider range from 0.04 to 0.95.

It should be noted that the prediction score is not a full Bayesian probability and is shown as an
example. The prediction score is influenced by the randomization of data for training and testing of
the ML algorithms. Importantly, the prediction score shows the statistical nature of the ML
algorithms. These graphs enable one to quantify the accuracy, sensitivity, and selectivity of the
diagnostics without using conventional statistical models (Bzdok et al., 2018); see Supplementary
Materials.
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Figure 4. An example of prediction scores by participant identifiers.

A ROCAUC of 84.1 was obtained, with a 95% CI of 1.3 (Table 5). This gives a precision of 93.6%
(£5.7%) and an accuracy of 78.4% (+4.8%). These results seem to indicate that there is a solid difference
between COVID-19 positive and negative participants in testing unknown participants using ML
algorithms trained on known diagnostics.

Table 5. Summary of results obtained.

Trial location ROCAUC (95% | TPR | FPR | Precision % | Accuracy %
CD % % (o) (x0)
MUSC 84.1 (1.3) 76.0 |14.8 |93.6(5.7) 78.4 (4.8)

A review of the accuracy of COVID-19 reference methods reported false negative rates ranging
from 2% to 29% (or sensitivity 71-98%) based on negative RT-PCR tests that were positive on repeat
testing (Arevalo-Rodriguez et al., 2020). The repeat RT-PCR testing is likely to underestimate the true
rate of false negatives because of the virus load that is influenced by the stage of disease (Sethuraman
et al., 2020) and degree of viral multiplication (Wolfel et al., 2020). The probability of having a negative
RT-PCR test result is also influenced by the number of days since exposure (Kucirka et al., 2020),
which can also be attributed to variation in the virus load. The average viral load in some respiratory
specimens is 10° copies per mL, and maximal virus loading is found at circa 108 copies per mL. The
viral loads in throat swab and sputum samples peaked around 5-6 days after symptom onset, ranging
from around 10° to 7-10¢ copies per mL according to To et al. (2020) and Health Information and
Quality Authority (2020). There are also false positives in PCR tests due to the ability to detect RNA
fragments in inactivated viruses.

Given the allowance for PCR accuracy being below 100%, we have to consider that the breath
diagnostic results are being influenced by the accuracy of PCR reference methods. This is less
important for symptomatic cases, but it is expected to be more important for asymptomatic cases,
where we know PCR accuracy is expected to be far less than 100%. The ROCAUC 84.1% is an
indication of the strong predictive power of the GC-IMS with the DeepBreath ML data processing
algorithms to discriminate between positive and negative cases of COVID-19 and, therefore, facilitate
a fast diagnosis of this infection.

The data analysis has been undertaken without identification of the biomarkers. All features,
such as molecular VOC, were included in the training and testing algorithms. The strong prediction
score confirms the assumption that the ML algorithms automatically select predictive features and
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analyse them. This approach is faster than conventional, requires fewer resources, and can constantly
improve performance by adding new data to the training and testing rounds.
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