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Abstract
Introduction  Breath Volatile organic compounds (VOCs) are promising biomarkers for clinical purposes due to their unique 
properties. Translation of VOC biomarkers into the clinic depends on identification and validation: a challenge requiring 
collaboration, well-established protocols, and cross-comparison of data. Previously, we developed a breath collection and 
analysis method, resulting in 148 breath-borne VOCs identified.
Objectives  To develop a complementary analytical method for the detection and identification of additional VOCs from 
breath. To develop and implement upgrades to the methodology for identifying features determined to be “on-breath” by 
comparing breath samples against paired background samples applying three metrics: standard deviation, paired t-test, and 
receiver-operating-characteristic (ROC) curve.
Methods  A thermal desorption (TD)-gas chromatography (GC)-mass spectrometry (MS)-based analytical method utilizing 
a PEG phase GC column was developed for the detection of biologically relevant VOCs. The multi-step VOC identification 
methodology was upgraded through several developments: candidate VOC grouping schema, ion abundance correlation 
based spectral library creation approach, hybrid alkane-FAMES retention indexing, relative retention time matching, along 
with additional quality checks. In combination, these updates enable highly accurate identification of breath-borne VOCs, 
both on spectral and retention axes.
Results  A total of 621 features were statistically determined as on-breath by at least one metric (standard deviation, paired 
t-test, or ROC). A total of 38 on-breath VOCs were able to be confidently identified from comparison to chemical standards.
Conclusion  The total confirmed on-breath VOCs is now 186. We present an updated methodology for high-confidence VOC 
identification, and a new set of VOCs commonly found on-breath.

Keywords  Volatile organic compounds (VOCs) · Breathomics · Microbiome · Volatile metabolites · Non-invasive 
biomarkers · VOC Atlas

1  Introduction

Volatile organic compounds (VOCs) contain at least one 
carbon atom and are emitted as gases from certain solids 
or liquids. In human metabolism, endogenously generated 

VOCs can cross most biological membranes away from 
their point of origin, enter the bloodstream, cross into the 
air in the lungs at the alveolar membrane, and be exhaled 
in the breath (Amann et  al., 2014; Bax et  al., 2019; 
Drabińska et al., 2021). Research has detected over 1400 
VOCs in exhaled breath (Drabińska et al., 2021), many 
of which have great potential as non-invasive biomarkers 
for a variety of diseases such as cancer (Altomare et al., 
2020; Bhandari et al., 2023; Hanna et al., 2019), liver dis-
ease (Dadamio et al., 2012; Ferrandino et al., 2020, 2023; 
Río et al., 2015), inflammatory bowel disease (IBD) (Ban-
naga et al., 2019; Henderson et al., 2022; Smolinska et al., 
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2018), asthma (Azim et al., 2019; Dallinga et al., 2010; 
Djukanović et al., 2024), and more. A strongly empha-
sized point across the breath research literature is the lack 
of standardization or consistency of breath analysis tech-
niques, chemical identification, background correction, 
and controls (Beauchamp et al., 2016; Chou et al., 2024a; 
Fiehn et al., 2007; Herbig & Beauchamp, 2014; Issitt et al., 
2022; Jia et al., 2019; Pham et al., 2023; Schmidt et al., 
2021; Spaněl et al., 2013; Summer et al., 2007). This has 
led to issues of reliability and lack of repeatability across 
studies, making the development of candidate biomarkers 
challenging (Chou et al., 2024b; Haworth et al., 2022). 
There is the added complication that chemical identifica-
tion of VOCs detected in studies is not always accurate, 
and so the reporting of VOCs may appear to be inconsist-
ent simply due to misidentified compounds. The highest 
confidence identification of a VOC requires a comparison 
to purified chemical standards analyzed using the same 
instrumentation and methods (Fiehn et al., 2007; Sum-
mer et al., 2007). At least one unique chemical standard 
is required for every VOC to be confidently identified, 
but as this is costly and time-consuming, this is not often 
undertaken.

The existence of a reference library of both chemically 
confirmed endogenous and exogenous VOC identities that 
genuinely originate from breath (and not from background 
contamination) will facilitate future VOC breath biomarker 
discovery and subsequent biomarker validation in clinical 
studies (Arulvasan et al., 2024). Additionally, this library of 
VOCs could be used to facilitate cross-study data compari-
sons for improved standardization across the field of breath 
research. To this end, a previously reported robust breath 
analysis platform led to the creation of an initial library of 
148 “on-breath” VOCs that were quantifiably distinguish-
able from background contaminants (Arulvasan et al., 2024). 
These VOCs were identified using purified chemical stand-
ards in a heterogenous human population (Arulvasan et al., 
2024). As over 1400 VOCs have been described in breath 
(Drabińska et al., 2021) (although many of these are likely to 
be inhaled contaminants from the environment), this is likely 
only a minority of the VOCs in exhaled breath that could 
serve as biomarkers. Therefore, expanding the methodology 
to reliably detect a wider range of breath VOCs is crucial, 
particularly those that can be linked to the gut microbiome 
and associated diseases that would benefit from breath-based 
diagnostics. This includes capturing VOCs such as p-cresol, 
2-methylindole, and short-chain and branched-chain fatty 
acids (SCFAs, BCFAs) (Besten et al., 2013; Cagno et al., 
2011; Gall et al., 2011; Ni et al., 2014; Rios-Covian et al., 
2020; Swanson et al., 2002; Walton et al., 2013). Given 
the growing interest in the gut microbiome, broadening 
the detection of VOCs chemically classified as phenols, 
indoles and their derivatives, fatty acyls, and carboxylic 

acids and their derivatives would be especially beneficial 
to researchers.

Targeting biologically relevant VOCs for discovery using 
TD-GC-MS can be undertaken with a few key methodo-
logical expansions. To detect and identify specific VOCs 
of interest, it is crucial to tailor the GC column chemistry 
to the compounds’ chemical properties. Some classes, such 
as fatty acids and phenylpropanoic acids, are polar due to 
their functional groups and therefore, suited for retention and 
separation by a polyethylene glycol (PEG) stationary phase 
GC column, particularly as it is acid deactivated, which will 
reduce the adsorption of acid compounds. In contrast, other 
target classes, such as naphthalenes are non-polar. Further 
adjustments to the method could lead to additional on-breath 
VOCs being retained, separated, and detected even if they 
are weakly polar or non-polar. This includes altering the 
operating temperature of the column. For example, the maxi-
mum operating temperature of TG-WaxMS A is 250 °C, in 
contrast to 320 °C for the TraceGOLDTM-624SilMS uti-
lized in the previous study (Arulvasan et al., 2024). The 
lower operating temperature can reduce the decomposi-
tion of thermally labile VOCs and improve retention of 
lighter VOCs and thus, allow them to be detected. Lower 
GC temperatures can also reduce the elution speed of low-
boiling point VOCs, meaning greater separation and thus, 
less co-elution of VOCs. The different phase chemistry 
of the column will also lead to different combinations of 
VOCs eluting, which can reduce or remove the incidences 
of co-elution.

In this study, a complementary analytical discovery 
method was developed, and the chemical identification (ID) 
workflow, which encompasses the process from sample 
analysis to robust identification of VOCs, was upgraded. To 
achieve this, a TG-WaxMS A column was utilized, and the 
analytical method parameters (temperatures and flows) were 
optimized accordingly for the resolved detection of target 
VOCs. The list of target VOCs was compiled and curated 
to include compounds commonly reported in literature and 
external databases as associated to biological processes, with 
particular emphasis on digestive health. The original on-
breath VOC identification workflow was upgraded through 
multiple developments including an advanced in-house spec-
tral library building process, schema for grouping of candi-
date VOC standards, and further quality control (QC) checks 
for increased ID confidence. Retention matching was also 
optimized further, through the development of a hybrid fatty 
acid methyl esters (FAMES)-alkane hybrid retention index 
(RI) ladder for accurate calculation of RI values for candi-
date VOCs and on-breath features for comparison. Relative 
retention time (RRT) tolerances were established to enable 
the identification of on-breath features eluting outside the 
range of the RI ladder. Where the candidate VOC is analyzed 
alongside breath samples in the same analytical sequence, 
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additional tolerance thresholds for RT matching were also 
implemented, for increased identification confidence.

Analysis of breath and equipment background samples 
using the developed complementary analytical discovery 
method and upgraded ID workflow has resulted in the iden-
tification of 38 further on-breath VOCs, bringing the total 
number of identified on-breath VOCs to 186. This includes 
the aforementioned compounds, many of which hold clini-
cal interest in the gut microbiome and its relevant diseases. 
This work is forming the foundation of building the Breath 
Biopsy VOC Atlas®, a catalog of identified and quanti-
fied volatile organic compounds (VOCs) originating from 
exhaled breath. The atlas is being built as a database, search 
interface, and analytics tool to describe high-confidence 
VOCs alongside their clinical, chemical, and biological 
context.

2 � Methods

2.1 � Breath sampling

The breath and background samples were collected using 
the Owlstone Medical Novel Insights (OMNI) method, 
which uses Owlstone Medical’s ReCIVA® Breath Sampler, 
and CASPER Portable Air Supply® for breath collection 
as described previously (Arulvasan et al., 2024). For each 
breath sample taken, the ReCIVA sampler collects breath 
into four sorbent tubes, and two tubes undergo the analyti-
cal procedure. The paired background sample was collected 
immediately before each breath sample was taken. Because 
this study is a technical advancement of a previously pub-
lished analytical method, the two remaining technical repli-
cates from that study were utilized (Arulvasan et al., 2024). 
A total of 90 breath samples and 90 paired system back-
ground samples were analyzed in this study, from 90 adult 
subjects. It must be noted that the storage time is longer 
(median collection to analysis timespan of 480 days) than 
for the breath samples analyzed as part of the previous pub-
lication (Arulvasan et al., 2024). The samples were all col-
lected within a 4 week time frame and stored in a dedicated 
temperature-controlled fridge at 5 °C. The average pre-purge 
storage time of samples was 7 days. The demographic dis-
tributions of the study participants are detailed in Supple-
mentary Table 1.

2.2 � Complementary analytical method 
development

A panel of target VOCs was initially defined (Supplemen-
tary Tables 7 and 8); this comprised partly of biologically 
relevant compounds belonging to chemical classes and sub-
classes that were not identified on-breath in the previous 

publication (Arulvasan et  al., 2024) (examples include 
naphthalenes, fatty acids, phenylpropanoic acids, hydroxy 
acids and derivatives, cinnamic acids, dicarboxylic acids 
and derivatives). The panel also included bio-relevant com-
pounds that were not identified on-method previously but 
belong to a chemical class that has been identified on-breath 
in the previous publication (Arulvasan et al., 2024). Differ-
ent permutations of flow and temperature settings for the TD 
and GC were investigated for use with the TG-WaxMS A 
phase GC column,the configuration that demonstrated opti-
mal analytical performance for separation and detection of 
target VOCs, was selected (Supplementary Table 2, Supple-
mentary Fig. 1). Lower operating temperatures and different 
phase chemistry of the column will lead to a different com-
bination of VOCs’ ions entering the C-trap for injection into 
the orbitrap mass analyzer. The process is controlled by the 
AGC (automatic gain control) which monitors the incoming 
ion current by active feedback and limits the number of ions 
reaching the C-trap accordingly to prevent ion overloading. 
High concentrations VOCs, such as acetone, can saturate 
the C-trap capacity, leading to suppression of other lower 
concentration VOCs eluting from the GC at the same time, 
preventing their detection. By altering the order and timings 
of breath VOCs eluting from the column through changes in 
temperature and column chemistry, on-breath VOCs which 
were previously suppressed by large neighboring VOCs 
could be detected.

3 � Breath analysis

Breath and background samples were analyzed through TD 
(Markes)—GC-MS (Q exactive Orbitrap (Thermo Fisher 
Scientific) high-resolution accurate mass spectrometry) 
platform using the developed complementary TG-WaxMS 
A analytical method (Supplementary Table 2). To enable the 
calculation of RI, FAMEs (C5–23) (Supplementary Table 5) 
and straight-chain alkanes (C5–C25) ladders were analyzed 
alongside (Castello, 1999). The alkane ladders were pre-
pared using different solvents (C5–C16 (50 ng per alkane) 
solubilized in methanol, C17–C25 (20 ng per alkane) solubi-
lized in cyclohexane) and spiked onto two separate tubes. To 
prevent MS detector overloading and ion source contamina-
tion from the larger and sustained cyclohexane solvent peak, 
a modified analytical method (deploying a filament delay) 
was set up to analyze the C17–C25 tube.

A five-point QC calibration curve of a subset (89 VOCs) 
of previously identified on-breath IDs (Arulvasan et al., 
2024) that are detectable on the TG-Wax-MS A method 
were analyzed in each sequence for monitoring method and 
instrument performance; the compounds analyzed are listed 
in Supplementary Table 6.
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Additionally, a panel of pre-defined on-method target 
candidate VOC standards previously not identified on-
breath were analyzed in each sequence. These compounds 
spanned a range of chemical classes, including fatty acid 
esters, fatty alcohols, dicarboxylic acids and derivatives, 
carbonyl compounds, and monoterpenoids. The majority 
of these VOCs were analyzed as a four-point (0.1–50 ng) 
calibration panel (Supplementary Table 7) and the remain-
ing at a single level (50 ng) Supplementary Table 8), due 
to the sequence capacity limit. Analyzing these VOCs 
alongside samples increased identification confidence, 
where a match is observed between the target VOC and 
an on-breath feature. To account for analytical variation, 
all samples were liquid injected with a mix of eight deuter-
ated internal standard compounds dissolved in methanol 
(2.7 ng per I.S compound, except o-cresol-d8 and decane-
d22: 12 and 9.25 ng, respectively) to result in comparable 
peak area signal as the other I.S compounds. Each paired 
breath and background samples were analyzed in the same 
sequence to reduce the technical variability, and a total of 
18 sequences were run on the platform.

3.1 � Post‑processing: untargeted feature 
extraction, normalization & on‑breath feature 
determination

The resulting breath and background samples’ chromato-
grams were batch processed (signal deconvolution, fea-
ture group clustering, and library matching to NIST23), 
utilizing the OMNI untargeted feature extraction method 
in Compound Discoverer (ver. 3.3, Thermo Scientific™), 
detailed in Supplementary Table 3. After feature extrac-
tion, all data was normalized using the hybrid correlation-
retention time method, detailed in the previous publication 
(Arulvasan et al., 2024). On-breath features were then sta-
tistically determined by the three metrics (standard devia-
tion, paired t-test, and ROC-AUC) as previously described. 
NIST hits for features that were on-breath by at least one 
of the three metrics were curated and prioritized, consider-
ing match score (SI and RSI), hit ranking, and the number 
of metrics the feature was on-breath by. The selected can-
didate NIST hits were then further filtered for biological 
relevance by searching against literature and well-estab-
lished databases, such as the human metabolome database 
(HMDB), small molecule pathway database (SMPDB), 
and Rhea, prior to sourcing the NIST hits’ standards at 
a minimum of 95% purity. To ensure robust assessment, 
a systematic approach was employed including pathway 
involvement, source validation, and relevance to human 
physiology and disease, supported by curated databases 
and literature searches (Novoa-del-Toro & Witting, 2024).

3.2 � Candidate VOC preparation and identification

Candidate VOCs originated from two sources: (1) a panel 
of 145 pre-defined target VOCs, analyzed alongside samples 
(Supplementary Tables 7 and 8) compromising primarily 
of biologically relevant on-method compounds of interest, 
and (2) prioritized biologically relevant NIST hits sourced 
for on-breath features generated during untargeted feature 
extraction of the samples analyzed on the TG-WAX-MS A 
analytical method, as detailed in the prior sections. To gener-
ate data efficiently and prevent misidentification, candidate 
VOCs were prepared into mixes prior to spiking onto TD 
tubes for analysis. Candidate VOCs were grouped together 
based on several criteria, including NIST polar RI differ-
ence (at least 50 units), molecular weight, chemical class, 
and chemical moiety, to reduce the likelihood of co-elution. 
To prevent intra-mix reactivity, which can generate unin-
tended compound(s) leading to safety concerns and misi-
dentification, chemical incompatibility guidance on the com-
pound safety data sheets (SDS), and the guidelines stated 
in (Appendix, 2024) for grouping chemicals, were strictly 
adhered to. Acids and aldehyde candidate compounds were 
also not grouped together, due to the risk of ester formation. 
To ensure the peak corresponding to the spiked target is cor-
rectly identified, a forward and reverse similarity index (SI 
and RSI) score of at least 700 must be achieved to its corre-
sponding NIST entry. Additionally, the peak signal intensity 
must be at least three times higher than the equivalent peak 
in the methanol blank analyzed within the same sequence. 
The specific isomer of a candidate VOC was analyzed where 
possible.

3.3 � Spectral library building

Each candidate VOC was prepared and analyzed as a rand-
omized ten-point calibration, at a wide range of concentra-
tions (0.001–100 ng) to capture the linear dynamic range. 
After the exclusion of ions demonstrating poor peak shape 
by manual review of the deconvolved spectra, the data (m/z 
of ion and its measured abundance at each concentration 
level) for the candidate VOC peak was ingested by the in-
house ion correlation tool, which calculates the correlation 
of each ion between each concentration level. The generated 
output contained the ions which exhibit a Spearman rank 
coefficient of 1 for abundance across at least three concen-
tration levels (Fig. 1), as the final list of ions to include for 
building the in-house spectra for the candidate VOC. The 
concentration level containing the largest number of cor-
relating ions was used to build the final in-house spectra.

To validate the quality advancement of our developed 
in-house library spectra-building approach, in-house spec-
tra were created following the two methods (ion correlation 
approach detailed in the methods) and the original NIST 
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spectra-driven approach described in the previous publica-
tion (Arulvasan et al., 2024) for a subset of on-breath ID 
VOC standards and compared.

3.4 � ID confirmation: chromatographic retention 
matching metrics

3.4.1 � Retention index ladders

Given our analytical method utilizes a polar GC column, 
polar compounds (such as fatty acid methyl ester (FAMEs), 
are expected to exhibit better compatibility with the col-
umn phase to produce sharp and symmetrical peaks, com-
pared to alkanes and so, resulting in lower RT and thus, RI 
variability. Accurate retention index values minimize both 
false positive and negative VOC identifications. To achieve 
this, two chemical ladders- fatty acid methyl ester (FAMEs) 
and straight-chain alkanes- were analyzed within each ana-
lytical sequence for retention indices (RI) calculation. The 
FAMEs (C5–C23) (50 ng per compound) were solubilized 
in methanol and spiked onto one tube. The alkane ladder was 
extended since the previous publication (Arulvasan et al., 
2024) from C16 to C25, to enable RI calculation of a greater 
proportion of on-breath features.

3.5 � ID confirmation: spectral similarity matching

Along with retention similarity, spectral similarity between 
the candidate VOC in-house library spectra and the five 
breath samples with the highest abundance of the on-breath 
feature suspected to match, is calculated for assessing the 
match between a candidate VOC and on-breath feature. 
Match scores (SI and RSI) of 800 or higher for at least 
three of the five breath samples are required for a successful 
match.

3.6 � Additional quality checks

3.6.1 � On‑breath status validity check

During untargeted feature extraction, the Compound Dis-
coverer algorithm selects a reference ion for each feature 

to minimize data sparsity. Thus, the ion most frequently 
observed across all deconvolved spectra, including both 
breath and background samples, is chosen by the software 
to extract the feature signal (peak area) for each sample. As 
these signal values are used to determine the on-breath sta-
tus of a feature, it is crucial that the reference ion originates 
from the matching candidate VOC rather than a background 
ion or co-eluting feature, for the on-breath status to be valid 
for the matching VOC. To ensure this, the selected reference 
ion is compared against the ions present in the deconvolved 
in-house spectra of the matching candidate VOC. If the ref-
erence ion matches, the validation check is passed. If there 
is no match, the reference ion is manually altered to an ion 
derived from the candidate VOC, which subsequently alters 
the feature signal in each sample. These updated signal val-
ues are then used to recalculate the on-breath metrics. If the 
feature remains on-breath, the validation check is successful; 
if not, the feature-candidate VOC pair is excluded from on-
breath identification.

3.6.2 � Feature quality check

After an on-breath feature match with a candidate VOC is 
established by meeting the thresholds for a successful reten-
tion and spectral match, the quality of the peak was assessed, 
prior to final confirmation. To assess the quality of the candi-
date VOC and matching on-breath feature peak, the extracted 
ion chromatograms (EICs) for the ten most abundant ions 
in the in-house candidate VOC spectra were overlaid and 
compared with the corresponding EICs from the three breath 
samples containing the highest abundance for the matching 
on-breath feature, using FreeStyle™ version 1.8. On-breath 
feature identities were confirmed through their overlaid ion 
profiles. All confirmed identities displayed a Gaussian shape 
with good symmetry, which ensures no assignment to inte-
grated noise or coeluting features. The visual comparison 
also allows us to determine how well the ion ratios match 
between breath and standard. Figure 2 illustrates the com-
parison of the 10 largest ions’ ratios plotted for the stand-
ard (top) and its matching on-breath feature (bottom) for 
butanoic acid and tabulated alongside, demonstrating the 

Fig. 1   Schematic illustrating the logic of the ion abundance cor-
relation approach. Example spectra for 4 concentration levels of a 
compound is shown, with ions correlating (i.e. increased peak area 

response with increased concentration) across 4 levels (orange) and 
thus included in the in-house spectra for the compound, vs. Ions 
which do not exhibit correlation (blue)
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presence of the same ions at very similar ratios between the 
two and thus, a successful match.

3.7 � VOC identification workflow overview

The VOC identification workflow, displayed in Fig. 3 is a 
multi-step process from sample analysis to successful iden-
tification of on-breath features.

4 � Results

4.1 � Instrument QC

The five-point instrumental QC compounds’ calibration 
curves analyzed alongside all sample sequences were pro-
cessed utilizing targeted data processing in Chromeleon 
7.3.2 MUb. Linear regression was applied and the resulting 
coefficient of determination (R2) values for each QC com-
pound calibration curve in each sequence was plotted as a 
series of boxplots (Supplementary Fig. 2). 99% of all R2 
values were above 95%, demonstrating high instrument & 
analytical method stability, and low random error.

4.2 � Spectral library building

A novel, robust methodology, based on ion abundance cor-
relation across concentration levels of the candidate VOC 

standard, has been developed for in-house spectral library 
construction, which was then matched against on-breath fea-
tures. This approach offers several advantages, compared 
to the previously used reference library-centric approach, 
including the reduction of both type I and II errors during 
matching of an on-breath feature and the candidate VOC, 
through the removal of contaminant ions, while retaining 
truly relevant ions, such as those originating from the VOC 
and its interaction with the analytical flow path.

An interesting case study example is on-breath ID tet-
rachloroethylene, a vinyl halide: here, the ion with m/z 
110.93998 has been included in the library spectra built 
using the ion correlation approach (as its abundance cor-
relates with spiked concentration), however, excluded in the 
spectra built using original approach (given it does not have 
an associated theoretical fragment annotation and is absent 
in its NIST library spectra). This ion is also present in the 
deconvolved breath samples’ on-breath feature confirmed to 
be tetrachloroethylene. While the exact mechanism through 
which the m/z 110.93998 ion is produced during Orbitrap Q 
exactive TD-GC-MS analysis of tetrachloroethylene is not 
yet established, evidence suggests this to be the product of a 
series of water gas phase reactions that occur in the C-trap, 
by the reaction with residual water in the system (Baumeister 
et al., 2019). A series of controlled experiments doping 
isotopically labeled water into the C-trap of an Orbitrap 
Q-exactive induced formation of additional ions during the 
analysis of halogen cyanides, not observed when conducting 

Fig. 2   Left: Visual comparison of the extracted ion chromatograms 
(EICs) for the top 10 ions of the butanoic acid standard (top) and the 
matching on-breath feature (bottom). Matching ions are represented 
in the same color between the two EICs. Right: Tabulated 10 high-

est abundance ions’ ratios calculated with respect to the base peak 
ion (m/z 60.02056) in the butanoic acid reference standard and the 
on-breath feature identified as butanoic acid in the highest abundance 
breath sample
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Fig. 3   Flow diagram summarizing the key steps of the end-to-end process of VOC identification from breath collection to confirmed on-breath 
VOC identity
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the analysis on a single quadrupole instrument, which is the 
type of MS used to generate NIST spectra. Given the accu-
rate mass capability of the Orbitrap Q exactive, the precise 
formula for the ion was calculated, which suggested it to be 
a product of hydrogen atomic transfer reaction, demonstrat-
ing the occurrence of gas phase reactions of analytes in the 
C-trap, in the presence of moisture (Gall et al., 2011).

Thus, in the case of the 110.93998 m/z ion fragment pro-
duced during the analysis of tetrachloroethylene (C2Cl4), it is 
hypothesized that this is formed through the reaction of the 
analyte with water to form C2Cl2OH (Fig. 4). The m/z value 
of C2Cl2OH (110.940446) matches the m/z value of the ion 
observed in the spectra of tetrachloroethylene in both breath 
and the standard (m/z 110.93998) after the removal of an 
electron. This case study demonstrates the benefit of utiliz-
ing ion abundance correlation to dictate which ions should 
be included in the in-house spectra for library matching, as 
this enables the inclusion of ions specifically produced by 
the analysis of a target VOC on our instrument. Without the 
inclusion of such ions, the resulting match score between 
the in-house library spectra and breath samples would be 
decreased and thus, the ion correlation approach to spectral 
building reduces the likelihood of false negative matches.

The final stages of ID confirmation rely upon meeting 
two key acceptance criteria: spectral and retention similar-
ity between the candidate VOC standard and the on-breath 
feature. Therefore, ensuring the methodology for calculating 
and compensating for retention time drift and setting appro-
priate pass/fail thresholds, are crucial for ensuring reliable 
VOC identification.

4.3 � Hybrid alkanes‑FAMEs retention indexing 
approach development & validation

To enable higher accuracy of RI matching and increase 
the proportion of on-breath features that can be identified, 
the hybrid alkanes-FAMEs RI ladder was developed. This 

approach harnesses the advantage of the FAMEs ladder, 
which is theorized to produce more stable and consistent 
peaks with the TG WAX MS A polar column phase com-
pared to alkanes, and the alkane ladder, whose retention 
timespan is wider than FAMEs, facilitating the calculation 
of RI for a greater number of on-breath features. The alkane 
ladder was used to calculate RI for features with a reten-
tion time (RT) below the earliest eluting FAMEs’ (Methyl 
butyrate) and above the earliest eluting alkane (Pentane). 
The FAMEs ladder was used where the feature’s RT is 
between the first and last eluting FAMEs (Methyl butyrate 
and Methyl behenate, respectively).

To experimentally validate this approach on our platform 
prior to implementation and define an RI tolerance for a 
successful on-breath feature–candidate VOC match, RI val-
ues were calculated for each QC and I.S compound, herein 
referred to as QC compounds (listed in Supplementary 
Tables 4 and 6) in each of the 18 sample analysis sequences 
by applying the non-isothermal Kovats retention index for-
mula (NIST, 2024) using the three RI ladders (alkane only, 
FAMEs only, and the hybrid alkane-FAMEs ladder). The QC 
compounds spanned a range of chemical classes including 
fatty acid esters, indoles, alkanes and carbonyl compounds 
to ensure good generalizability of the resulting RI limit tol-
erances for matching chemically diverse candidate VOCs.

For the central 80% of the intra-batch QC RI data, the 
median absolute deviation (MAD) was calculated, which 
was then converted to an RI tolerance limit. This was done 
through multiplication by a scaling factor (for comparabil-
ity to standard deviation) followed by multiplication by 3 
to include 99.73% of the QC data, resulting in RI tolerance 
limits of 2.70 and 2.91 for the FAMEs only and the hybrid 
alkane-FAMEs ladder, respectively, compared to the larger 
tolerance of 3.99 for the alkane-only ladder. This experi-
mentally demonstrated reduced RI variability when utiliz-
ing a ladder primarily based on FAMEs, as theorized. The 
density plot (Fig. 5) illustrates the intra-batch RI range for 

Fig. 4   A Chemical reaction schematic showing the hypothesized 
reaction of tetrachloroethylene with water to produce the C2Cl2OH 
fragment. B Deconvolved breath sample peak matching tetrachloro-

ethylene illustrating the presence of the m/z 110.93998 ion, with m/z 
value on the x-axis and peak intensity (counts) on the y-axis
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each QC compound calculated using the three RI ladders; 
on average, the RI range is smaller for the FAMEs and 
hybrid ladders, than the alkanes, indicating reduced RI 
variability with ladders containing FAMEs for our ana-
lytical method.

Although the RI variability was slightly lower for the 
FAMEs only ladder than the hybrid ladder, the hybrid lad-
der encapsulates a larger proportion of the chromatogram, 
enabling calculation of RI values for 8% more on-breath 
features compared to using FAMEs only, whilst maintain-
ing similarly low RI variability as the FAMEs ladder. This 
means that the RI approach can be used for identifying a 
larger proportion of on-breath features and the risk of false 
positive matches are reduced due to greater stability of RI 
values for the compound between breath samples and the 
standards analysis, often several sequences later. The 2.91 
units RI threshold was rounded up to be ± 3 RI units as the 
acceptance limit for RI matching, on-breath features to 
candidate VOCs, using the hybrid alkane-FAMEs ladder 
approach.

4.4 � Relative retention time (RRT) and retention 
time (RT)

To enable the identification of on-breath features that fall 
outside of the hybrid retention index ladder boundaries, 
relative retention time (RRT) was utilized. RRT was cal-
culated by normalizing the RT of the candidate VOC/on-
breath feature to the closest eluting spiked internal stand-
ard compound’s RT within the same tube. For a successful 
retention match between an on-breath feature and can-
didate VOC, the acceptance limit was ± 0.002 units. This 
was calculated using a similar approach to the RI tolerance 
calculation described in the Methods. A subset of biologi-
cally relevant candidate VOCs were pre-defined and ana-
lyzed alongside the samples (Supplementary Tables 7 and 
8). For such candidate VOCs, an additional stringent RT-
based matching criteria for retention similarity was applied 
for higher feature identification confidence. An RT match 
within ± 4 s, between the on-breath feature in at least three of 
the five breath samples containing the highest signal, and the 

Fig. 5   Density plot summarizing the proportion of the QC com-
pounds (y-axis) vs. calculated retention index range (x-axis) across 
the 18 sample sequences, using retention index ladders of alkane only 

(red), fatty acid methyl ester (FAMEs) only (lilac) and the hybrid 
alkane-FAMEs (yellow)
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candidate VOC analyzed in the same sequence, was deemed 
acceptable. The full VOC identification workflow utilized in 
this study, from sample analysis to successful identification 
of on-breath VOCs is shown in Fig. 3.

4.5 � Identified VOCs

A total of 1775 features were identified, and from these, 621 
features were statistically determined as on-breath by at least 
one metric, with 223 (36%) being classified as on-breath 
by all three metrics. Metric 1 applied a flexible frequency 
threshold at 3 standard deviations above background, with a 
50% threshold used in this study, resulting in 254 molecular 
features. This threshold, chosen to capture features preva-
lent in most samples, can be adjusted for different analyti-
cal requirements. A more stringent threshold would lead to 
fewer features classified as on-breath. The analytical meth-
ods and chemical identification (ID) workflow described 
above resulted in the confident identification of 38 on-breath 
VOCs using chemical standards not previously identified in 
the previous publication (Arulvasan et al., 2024) (Table 1). 
Two further features were assigned identities of triethylene 
glycol monoethyl ether and levoglucosenone, however, these 
VOCs were only considered on-breath by type 1 in 15 and 
10 breath samples, respectively, and thus would not meet the 
50% on-breath threshold specified for this metric.

Twenty-five on-breath IDs are on-breath by all three met-
rics (standard deviation (metric 1), paired t-test (metric 2), 
and ROC-AUC (metric 3), as described in Sect. 2.4 of the 
previous publication (Arulvasan et al., 2024) Six and three 
IDs are on-breath solely by metric 2 and 3, respectively. 
Figure 6 illustrates the total number of on-breath features 
detected using three distinct calculation metrics, highlight-
ing significant overlap in the subsets classified by each.

5 � Discussion

On-breath VOCs represent a group of compounds above 
background that have been confidently chemically identified, 
and reliably detected in exhaled breath of a heterogenous 
population of human volunteers (Arulvasan et al., 2024). 
Previously, 148 on-breath VOCs were identified, and in this 
study, the expanded analytical workflow enabled the detec-
tion and identification of 38 more. A complementary analyti-
cal method utilizing a different GC column was developed 
and implemented. Along with this, several optimizations to 
the ID workflow including establishing a hybrid alkanes-
FAMEs retention indexing ladder, enhanced in-house spec-
tral library building methodology and additional quality 
control checks, have contributed to expanding the range of 
VOC chemistries that can be added to the growing Breath 

Biopsy VOC Atlas resource, ensuring a more comprehensive 
coverage of VOC profiles.

To identify specific biologically relevant VOCs for fur-
ther biomarker studies and applications, it is crucial to tailor 
the GC column chemistry to the chemical properties of the 
compounds of interest. One limitation of the TraceGOLD™-
624SilMS GC column in our previous study was that some 
on-breath VOCs from under-represented chemical classes 
were not effectively retained and separated. The selection of 
the TG-WaxMS A phase GC column in this study overcomes 
some of these limitations and provides several advantages: 
(i) the PEG phase is highly polar, making it ideal for the 
retention and resolved separation of polar VOCs, such as 
acids, alcohols, esters, and aldehyde, (ii) the TG-WaxMS A 
column is specifically treated to analyze acidic polar com-
pounds, such as free fatty acids, carboxylic acids, which are 
biologically relevant, without the need for derivatization. 
The TG-WaxMS A phase GC column enhances compound 
sensitivity and minimizes interference, facilitating the detec-
tion and identification of ultra-low concentration on-breath 
VOCs, and improving match scores between breath sam-
ples and standards by reducing background ions. While 
the TG-WAX-MS-A column has demonstrated suitability 
for the detection of several bio-relevant on-breath VOCs, 
it is important to emphasize that column chemistry choice 
should be driven by the physiochemical properties of the 
target compound(s). Therefore, detection of other bio-rel-
evant VOCs may require the utilization of alternative GC 
column chemistries. In this study, a hybrid alkanes-FAMEs 
retention indexing approach was developed and validated 
to harness both the breadth and specificity advantages of 
alkane and FAMEs ladders, respectively. The FAMEs ladder 
is representative of matching key chemical classes, includ-
ing fatty acids, and compatible, in terms of polarity, with 
the TG Wax MS A column phase, while the alkane ladder 
is suitable for calculating RI for candidate VOCs that elute 
before the earliest FAMEs’ RT. Compared to the previous 
publication, which only encompassed the alkane ladder to 
C16, the extension to C25 in this study increases the pro-
portion of the sample and candidate VOC chromatograms 
encapsulated by the retention index ladder. Here the latest 
NIST version (NIST23) was used for untargeted feature 
extraction, expanding the range of candidate VOCs for con-
sideration during feature extraction given the inclusion of 
over 87,000 additional compound spectra. This enhances the 
comparison against on-breath features and the availability of 
RI data. The robust methodology developed to build an in-
house spectral library, based on ion abundance correlation, 
offers several key advantages. First, it provides additional 
assurance in selecting the correct peak corresponding to the 
injected target VOC standard, as the peak area will posi-
tively correlate with concentration levels. Additionally, it 
reduces false positives in on-breath feature identification by 
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Table 1   Table showing all 38 on-breath VOCs that were able to be confidently chemically identified in this study, along with their InChI key 
identifier and chemical classification

On-breath VOC ID InChI key Class Subclass % of breath sam-
ples on-breath in 
by metric 1

On-breath status

Metric 1 
(mean + std 
dev)

Metric 2 
(paired 
t-test)

Metric 3 
(ROC-
AUC)

2-Methylimidazole LXBGSD-
VWAMZHDD-
UHFFFAOYSA-N

Azoles Imidazoles 46 FALSE TRUE FALSE

2-Isopropenyltolu-
ene

OGMSGZZPTQN-
TIK-UHFF-
FAOYSA-N

Benzene and 
substituted 
derivatives

Phenylpropenes 82 TRUE TRUE TRUE

Salicylhydrazide XSXYESVZDB-
AKKT-UHFF-
FAOYSA-N

Benzene and 
substituted 
derivatives

Benzoic acids and 
derivatives

22 FALSE FALSE TRUE

1-benzofuran-
2-carbonitrile

ZQGAXHXH-
VKVERC-UHFF-
FAOYSA-N

Benzofurans 10 FALSE FALSE TRUE

Acetamide DLFVB-
JFMPXGRIB-
UHFFFAOYSA-N

Carboximidic acids 
and derivatives

Carboximidic acids 79 TRUE TRUE TRUE

Isobutyric acid KQNPFQTWM-
SNSAP-UHFF-
FAOYSA-N

Carboxylic acids 
and derivatives

Carboxylic acids 81 TRUE TRUE TRUE

Chlorodibro-
moacetic acid

UCZDDMGNCJ-
JAHK-UHFF-
FAOYSA-N

Carboxylic acids 
and derivatives

Alpha-halocarbox-
ylic acids and 
derivatives

23 FALSE TRUE FALSE

N,N-Dimethylacet-
amide

FXHOOIRPVK-
KKFG-UHFF-
FAOYSA-N

Carboxylic acids 
and derivatives

Carboxylic acid 
derivatives

56 TRUE TRUE TRUE

2-Propenoic acid NIXOWILDQL-
NWCW-UHFF-
FAOYSA-N

Carboxylic acids 
and derivatives

Acrylic acids and 
derivatives

96 TRUE TRUE TRUE

4-Nitrophenyl 2-(2- 
(((benzyloxy)
carbonyl)amino)
acetamido)acetate

VJPZTTLCVFO-
NEM-UHFF-
FAOYSA-N

Carboxylic acids 
and derivatives

Amino acids, 
peptides, and 
analogues

53 TRUE TRUE TRUE

2-Acetoxycinnamic 
Acid

UXOWQQCLBQ-
BRMQ-VOT-
SOKGWSA-N

Cinnamic acids 
and derivatives

Hydroxycinnamic 
acids and deriva-
tives

50 TRUE TRUE TRUE

Butyric acid FERIUCNNQQJ-
TOY-UHFF-
FAOYSA-N

Fatty Acyls Fatty acids and 
conjugates

54 TRUE TRUE TRUE

Isovaleric Acid GWYFCOCPAB-
KNJV-UHFF-
FAOYSA-N

Fatty Acyls Fatty acids and 
conjugates

55 TRUE TRUE TRUE

4-Methylvaleric 
acid

FGKJLKRYEN-
PLQH-UHFF-
FAOYSA-N

Fatty Acyls Fatty acids and 
conjugates

73 TRUE TRUE TRUE

2-Methylbutyric 
acid

WLAMNBDJU-
VNPJU-UHFF-
FAOYSA-N

Fatty Acyls Fatty acids and 
conjugates

77 TRUE TRUE TRUE

Isovaleramide SANOUVWG-
PVYVAV-UHFF-
FAOYSA-N

Fatty Acyls Fatty amides 92 TRUE TRUE TRUE

Methyl 2-meth-
ylbutyrate

OCWLYWIFND-
CWRZ-UHFF-
FAOYSA-N

Fatty Acyls Fatty acid esters 6 FALSE FALSE TRUE
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Table 1   (continued)

On-breath VOC ID InChI key Class Subclass % of breath sam-
ples on-breath in 
by metric 1

On-breath status

Metric 1 
(mean + std 
dev)

Metric 2 
(paired 
t-test)

Metric 3 
(ROC-
AUC)

3-Methylfuran KJRRQXYW-
FQKJIP-UHFF-
FAOYSA-N

Heteroaromatic 
compounds

99 TRUE TRUE TRUE

Furan YLQBMQ-
CUIZJEEH-
UHFFFAOYSA-N

Heteroaromatic 
compounds

62 TRUE TRUE TRUE

2-Methylthiophene XQQBUAPQH-
NYYRS-UHFF-
FAOYSA-N

Heteroaromatic 
compounds

79 TRUE TRUE TRUE

2-Methylindole BHNHHSOHWZ-
KFOX-UHFF-
FAOYSA-N

Indoles and deriva-
tives

Indoles 58 TRUE TRUE TRUE

Phthalimide XKJCHHZQLQN-
ZHY-UHFF-
FAOYSA-N

Isoindoles and 
derivatives

Isoindolines 8 FALSE TRUE FALSE

Methyl isothiocy-
anate

LGDSHSYDSCR-
FAB-UHFF-
FAOYSA-N

Isothiocyanates 95 TRUE TRUE TRUE

Triethylsilanol WVMSIBFANX-
CZKT-UHFF-
FAOYSA-N

Organometalloid 
compounds

Organosilicon 
compounds

42 FALSE TRUE FALSE

Acrolein HGINCPLSRVD-
WNT-UHFF-
FAOYSA-N

Organooxygen 
compounds

Carbonyl com-
pounds

37 FALSE TRUE TRUE

2-Heptanone CATSNJVOTS-
VZJV-UHFF-
FAOYSA-N

Organooxygen 
compounds

Carbonyl com-
pounds

68 TRUE TRUE TRUE

2-Methyl-2-cyclo-
penten-1-one

ZSBWUNDRD-
HVNJL-UHFF-
FAOYSA-N

Organooxygen 
compounds

Carbonyl com-
pounds

27 FALSE TRUE TRUE

Propionaldehyde NBBJYMSMWI-
IQGU-UHFF-
FAOYSA-N

Organooxygen 
compounds

Carbonyl com-
pounds

26 TRUE TRUE TRUE

p-Cresol IWDCLRJOB-
JJRNH-UHFF-
FAOYSA-N

Phenols Cresols 68 TRUE TRUE TRUE

Terpinolene MOYAFQVGZZP-
NRA-UHFF-
FAOYSA-N

Prenol lipids Monoterpenoids 83 TRUE TRUE TRUE

Carvone ULDHMXUKG-
WMISQ-UHFF-
FAOYSA-N

Prenol lipids Monoterpenoids 58 TRUE TRUE TRUE

Menthone isomer 
(Menthone or 
Isomenthone*)

NFLGAXVY-
CFJBMK-
BDAKNGLRSA-
N

Prenol lipids Monoterpenoids 69 TRUE TRUE TRUE

Menthone isomer 
(Menthone or 
Isomenthone*)

NFLGAXVY-
CFJBMK-
BDAKNGLRSA-
N

Prenol lipids Monoterpenoids 73 TRUE TRUE TRUE

Menthol NOOLISFMXD-
JSKH-UHFF-
FAOYSA-N

Prenol lipids Monoterpenoids 31 FALSE TRUE TRUE
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excluding ions originating from instrument background or 
introduced during pre-analytical and analytical processes. 
Finally, including ions generated by the VOCs’ interactions 
with the TD-GC-MS analytical instrument flow path helps 
minimize false negatives in on-breath feature identification.

About three-quarters of the 38 additional on-breath VOCs 
identified in this study are highly relevant for clinical bio-
marker research, including some of the most well-known and 
influential volatile metabolites produced by the gut microbi-
ome, which are presented in Fig. 7. SCFAs and BCFAs are 
both products of microbial fermentation. Previously, SCFAs 

acetic and propionic acid were identified as on-breath, but 
butyric acid was not (Arulvasan et al., 2024). The current 
workflow was able to classify butyric acid and BCFAs, such 
as isobutyric acid, isovaleric acid, 2-methylbutyric acid, and 
4-methylvaleric acid, as on-breath VOCs.

Studies have shown that as humans age, there is a nega-
tive correlation between BCFAs and fiber intake, suggesting 
a microbiome decline (Rios-Covian et al., 2020). Interest-
ingly, while SCFAs and BCFAs are both products of micro-
bial fermentation, they seem to exhibit divergent trends 
(Tuck et al., 2020). Although the actual mechanism driving 

Table 1   (continued)

On-breath VOC ID InChI key Class Subclass % of breath sam-
ples on-breath in 
by metric 1

On-breath status

Metric 1 
(mean + std 
dev)

Metric 2 
(paired 
t-test)

Metric 3 
(ROC-
AUC)

α-Terpinene YHQGMYU-
VUMAZJR-
UHFFFAOYSA-N

Prenol lipids Monoterpenoids 97 TRUE TRUE TRUE

Linalool CDOSHBSSF-
JOMGT-UHFF-
FAOYSA-N

Prenol lipids Monoterpenoids 6 FALSE TRUE FALSE

6,6-Dimeth-
ylbicyclo[3.1.1]
hept-2-ene-2-car-
baldehyde

KMRMUZ-
KLFIEVAO-
UHFFFAOYSA-N

Prenol lipids Monoterpenoids 12 FALSE TRUE FALSE

Dimethyl Sulfone HHVIBTZHL-
RERCL-UHFF-
FAOYSA-N

Pyrans Pyranones and 
derivatives

96 TRUE TRUE TRUE

The criteria they passed (TRUE) and failed (FALSE) to be classified as on-breath by the three metrics is also shown. The compounds are sorted 
by alphabetical order of chemical class

Fig. 6   A Venn diagram showing the numbers of VOCs classified as 
on-breath by each metric, along with the number of those VOCs that 
have been identified, in brackets. B Bar chart showing the frequency 
with which individual VOCs are classified as on-breath across all 

samples using metric 1. The dotted line indicates the 50% threshold, 
restricting the number of on-breath VOCs above this cut-off to 254 of 
the 1775 total
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these different fermentation patterns remains unknown, 
BCFAs—specifically those identified using our updated 
methods—have been linked to gut-microbiome-associated 
gastrointestinal diseases (Fig.  7) (Averina et  al., 2020; 
Cagno et al., 2011; Gall et al., 2011; Gao et al., 2022; Gar-
ner et al., 2007; Goedert et al., 2014; Lin et al., 2021; Preter 
et al., 2015; Raman et al., 2013; Sinha et al., 2016; Walton 
et al., 2013; Weir et al., 2013).Together, these studies sug-
gest that the gut microbiome plays a key role in regulating 
intestinal permeability, chronic systemic inflammation, and 
blood–brain barrier permeability.

Additional VOCs identified in this study that are thought 
to be produced by microbes include p-cresol, 2-methyl-
indole, dimethyl sulfone, propionaldehyde, and methyl 
2-methylbutyrate (Fig. 7). p-Cresol has been associated with 
colorectal cancer (Ni et al., 2014), IBS (Walton et al., 2013), 
and UC (Gall et al., 2011), and is an end-product of tyrosine 
breakdown by intestinal bacteria, primarily aerobes. 2-Meth-
ylindole has been shown to affect bowel function via fructo-
oligosaccharides and Lactobacillus acidophilus (Swanson 
et al., 2002). Dimethyl sulfone (DMSO2), associated with 
UC and CD (Dawiskiba et al., 2014), is derived from dietary 
sources, intestinal bacterial metabolism, and human endog-
enous methanethiol metabolism. Propionaldehyde has been 
linked to gastric cancer progression and can be produced 
by hydrolyzing propane-1,2-diol, an alternative pathway 
of propionate synthesis presented in several major micro-
biota phylogenetic groups, particularly Lachnospiraceae 
(Krishnan et al., 2015). Methyl 2-methylbutyrate may also 
be microbiome-related, as it has been implicated in gastro-
intestinal diseases like UC and CD (Ahmed et al., 2016).

There are a few limitations in this study. Although addi-
tional on-breath features were captured and identified using 
these new methods, a relatively small proportion of the total 
on-breath features were identified. The ability to identify 
more features was constrained by the lack of available stand-
ards and the safety profile of the VOCs, along with some of 
the on-breath features indicated to be artifacts. Also, the on-
breath VOCs previously assigned identities (Arulvasan et al., 
2024) were not re-identified in this dataset to focus efforts 
on identifying new on-breath features. Despite obtaining 
candidate VOC standards with ≥ 95% purity and applying 
stringent peak deconvolution parameters during feature 
extraction, there is still a possibility that the target VOC peak 
contains ions originating from co-eluting impurities. There-
fore, this library-building method may not effectively filter 
out such ions, as they are likely to scale with concentration. 
However, the risk of this is expected to be low, given the 
high purity of standards used, and any impurities would need 
to have a very similar RT to the target VOC to be considered 
for inclusion. Additionally, the method remains limited in 
its ability to detect certain biologically relevant chemical 
classes, such as dicarboxylic acids and certain aldehydes. 
Compound derivatization may offer a promising solution 
(Pietrogrande et al., 2010), though it will require extensive 
further development. Nonetheless, the newly developed 
method addresses some of the drawbacks of the previous 
publication, which relied on ions from the NIST reference 
spectra for mass spectral cleaning.

In terms of pre-analytical factors, long term storage of 
samples could impact the compounds held on sorbent in 
two ways: the amount of compound could decrease (due 

Fig. 7   Illustration of the origins of microbial-produced VOCs, their chemical (sub)classes, and associated diseases
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to degradation or egress from the tubes) or the amount 
of compound could increase (due to the compound being 
a degradation product or contaminant ingress into the 
tubes). The utilization of on-breath metrics within our 
study protects against false-positives i.e. misidentifica-
tion of features representing contamination ingress, which 
would happen equally to breath and background samples. 
However, degradation does introduce a risk of false nega-
tives (i.e. not identifying VOCs that had once been on-
breath). Whilst this is a limitation of the study, it does not 
invalidate the reported findings.

If the amount of compound on-tube increases because 
the compound is a degradation product then this may hap-
pen proportionally to the amount of signal on the tubes, 
and so this case does lead to the potential for misclassi-
fication of a VOC as on-breath. The rate of VOC break-
down on sorbent is compound-dependent: it may hap-
pen almost instantly or over long periods of time. This 
is therefore always a risk with regards to breath VOC 
identification involving capture onto sorbent, but we do 
acknowledge that this risk is increased with the longer 
storage time. Longitudinal storage stability data, prior 
to identification of the VOC, would not have the ability 
to distinguish between whether the tracked “on-breath” 
feature(s) are unaltered (truly breath borne) compound(s) 
or degradation product(s), as a result of a reaction occur-
ring during sampling or shortly afterwards. Therefore, 
storage stability data would not help us mitigate the risk 
of misclassification.

Confident identification of on-breath VOCs, as 
described in this paper, provides the foundation onto 
which future targeted research could be applied to char-
acterize and subsequently optimize pre-analytical factors, 
such as storage, dry-purge and inter-tube precision, spe-
cifically for the compounds that are known to truly origi-
nate from breath. Future work will focus on quantifying 
these identified VOCs and further analytical modifica-
tions, such as capturing new on-breath VOCs using differ-
ent sorbent tubes, to expand the total number of on-breath 
VOCs. Another relevant aspect will be validation proto-
cols for on-breath VOCs as potential biomarkers. These 
protocols should focus on defining specificity and sensi-
tivity of the on-breath biomarkers, which could enhance 
the clinical applicability of VOCs identified, especially 
for those with potential diagnostic value. Sensitivity test-
ing should consider the matrix effects, of breath sam-
ples, especially given that some VOCs may be present at 
concentrations near the instrument’s limit of detection. 
Once established, validation protocols testing biomarker 
reproducibility across different instruments, laboratories, 
and sample cohorts would be essential to demonstrate 
consistent detection and quantification.

6 � Conclusion

Previously, we reported a methodology capable of reliably 
detecting 148 on-breath VOCs. The updated analytical 
method and chemical identification workflow presented here 
have increased confidence in identifying on-breath VOCs, 
leading to 38 additional biologically relevant VOCs being 
confidently identified in the same cohort. Notably, 98% of 
these compounds are present in the Human Metabolome 
Database (HMDB), highlighting the promise of leverag-
ing the non-invasive nature of breath sampling and VOC 
biomarkers to inform underlying physiological processes 
for various clinical purposes. Translating breath biomarker 
tests into clinical practice depends on the confident iden-
tification and validation of breath VOCs, a challenge that 
requires close collaboration, well-established protocols, and 
the ability to compare and validate data. The expansion of 
chemically identified on-breath VOCs in the Atlas database 
would significantly enhance the development and validation 
of breath VOC biomarker for clinical use.
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