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ABSTRACT: Breathomics, a growing field in exposure monitor-
ing and clinical diagnostics, has faced accuracy challenges due to
unclear contributing factors. This study aims to enhance the
potential of breathomics in various frontiers by categorizing
exhaled volatile organic compounds (VOCs) as endogenous or
exogenous. Analyzing ambient air and breath samples from 271
volunteers via TD-GC X GC-TOF MS/FID, we identify and
quantify S0 common VOCs in exhaled breath. Advanced
quantitative structure—property relationships and compartment
models are employed to obtain VOCs kinetic parameters. This in-
depth approach allows us to accurately determine the alveolar
concentration of VOCs and further discern their origins, facilitating personalized application of breathomics in exposure assessment
and disease diagnosis. Our findings demonstrate that prolonged external exposure turns humans into secondary pollutant sources.
Analysis of endogenous VOCs reveals that internal exposure poses more significant health risks than external. Moreover, by
correcting environmental backgrounds, we improve the accuracy of gastrointestinal disease diagnostic models by 15—25%. This
advancement in identifying VOC origins via compartmental models promises to elevate the clinical relevance of breathomics,
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marking a leap forward in exposure assessment and precision medicine.
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1. INTRODUCTION

Breathomics, an emerging interdisciplinary field integrating
physiology, medicine, chemistry, and engineering, holds great
potential for noninvasive diagnostics and therapy monitor-
ing."” This field initially focused on discovering disease-
specific biomarkers by analyzing trace gases in human breath.’
However, despite the detection of over 1,000 volatile organic
compounds (VOCs) in the past decade, none have achieved
significant clinical breakthroughs in cancer detection.” This
shortfall stems from the failure to discriminate endogenous
VOC:s with truly diagnostic potential from exogenous VOCs in
exhaled breath.”

The high sensitivity of current methods in exhaled breath
analysis often leads to the inadvertent detection of non-
endogenous analytes.” They need to be regarded as exogenous
VOCs, which act as confounders in disease diagnosis.”
Therefore, exhaled breath analysis needs to consider the
transport dynamics and the potential interference caused by
exogenous VOCs." Exogenous VOCs are transferred across the
blood-air interface in alveoli during inhalation and sub-
sequently permeate bodily tissues via the circulatory system.”
Both these external compounds and endogenous VOCs diffuse
from the blood into the breath and are excreted during
exhalation.'” This process risks misclassifying exogenous
compounds as endogenous, particularly in comparative studies
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across different diseases or geographical locations, leading to
potentially erroneous associations with specific diseases.""
Furthermore, the chronic inhalation of environmental
pollutants, and their subsequent absorption, metabolism, and
accumulation in the body, complicates the interpretative
reliability of breathomics in assessing human health."
Therefore, a key challenge lies in determining whether a
VOC detected in both exhaled breath and room air is of
internal origin or is merely a result of external contamination.

Researchers have responded to the challenge with three
different strategies."> Some studies have overlooked environ-
mental factors, reporting solely on observed exhaled VOC
concentrations, which may yield false-positive results.” Others
have required subjects to inhale filtered air, a method that is
not only cumbersome but also probably introduces new
contaminants.'”'> Recent innovative approaches, such as the
alveolar gradient (AG) and breath tracker algorithm, aim to
tackle background variability.lé_18 However, the AG method,
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reliant on subtracting inhaled concentrations, often lacks
precision and requires environmental concentration adjust-
ments.'”” The breath tracker algorithm, while effective in
processing real-time data from proton transfer reaction-time-
of-flight-mass spectrometry (PTR-TOF MS), falls short with
offline samples.”” Consequently, the development of more
precise and robust methods for identifying endogenous and
exogenous VOC:s is essential to enhancing the practicality and
accuracy of breathomics.

The aim of this study is to precisely differentiate between
exogenous and endogenous VOCs using developed compart-
ment models and further evaluate their distinct roles in
environmental exposure and disease diagnostics. To achieve
this aim, we collected 271 exhaled breath samples along with
101 ambient air samples using standardized methods and
conducted nontarget breath analysis via two-dimensional gas
chromatography coupled with time-of-flight mass spectrometry
and flame ionization detector (GC X GC-TOF MS/FID).
Through the development of compartment models based on
blood-air partition coefficients (1,,) predicted by a quantita-
tive structure—property relationship (QSPR) model, we
accurately determined the actual alveolar concentrations and
tissue distribution of VOCs. This approach allowed us to
compile a comprehensive catalog of endogenous and
exogenous VOCs in exhaled breath, exploring their implica-
tions in both environmental exposure assessments and disease
diagnostics. Our study revealed that while exogenous VOCs
presented challenges in clinical diagnosis, they offered valuable
insights in environmental exposure studies. Identifying
endogenous VOCs significantly improved the clinical utility
and accuracy of breathomics. Therefore, our research lays a
foundational theoretical framework for advancing breathomics
and opens new avenues for its broader application across
various disciplines.

2. MATERIALS AND METHODS

2.1. Demographics. The study was performed in agree-
ment with the Helsinki Declaration and approved by the Ethics
Committee of Fudan University (FE221391). Informed
consent was obtained from all of the study participants.

For this study, we recruited a total of 271 human subjects to
ensure a robust sample size capable of producing statistically
significant results and facilitating a detailed analysis of the
influencing factors. The demographic details of the participants
were summarized in Table S1. We specifically excluded
individuals with active respiratory disease symptoms, such as
a productive cough or shortness of breath, as these could make
sampling uncomfortable and potentially skew the results.
Additionally, pregnant or breastfeeding individuals and those
who consumed alcohol daily were excluded from the study. To
maintain consistency in experimental conditions across all
participants, we controlled various factors. All subjects were
instructed to abstain from eating, drinking (except water),
using cosmetics, and exercising for at least 12 h prior to breath
sampling.

2.2. Sample Collection and Analysis. Exhaled breath
samples in this study were collected using a ReCIVA sampler
(Owlstone Medical, Cambridge, UK). The detailed procedure
for sample collection has been described in our previous
publications.”* Briefly, sample collection occurred between
8:00 a.m. and 10:00 a.m. following an overnight fast. For each
participant, we collected 3 L of breath gas at a flow rate of 200

mL-min~". The exhaled VOCs were captured trapped on

multibed thermal desorption tubes containing Tenax/TA with
a Carbograph STD (Markes Biomonitoring Tubes, Markes
International Ltd., UK). Concurrently, environmental samples
were obtained by passing 3 L of room air through a thermal
desorption tube connected to the inlet of a hand-held air
sampling pump (EDKORS Ltd., China). Analysis of both
exhaled breath and environmental air samples was performed
using GC X GC-TOF MS/FID. The details of analytical
method have been summarized in Supporting Information.

2.3. Applicability Domain of QSPR Model. Applicability
domain (AD) of the QSPR model was delineated by using a
graphical approach, specifically through a Williams plot. This
plot is a representation of standardized residuals against the
leverage values of the compounds.”” Leverage, which is the
diagonal element of the Hat matrix in this context, was
calculated as follows

h = diaglX (XX, ) ' X,] 1)

where, X, ;, represents the training set; i = train, validation and
test set. AD warning limits were determined as three multiples
of standard deviation (of standardized residuals), and the

critical leverage value h*:

h*=3><K+1

)

where, K represents the number of molecular descriptors, and
N represents the number of observations.

2.4. Compartment Model. To accurately model the
distribution and dynamics of VOCs in humans, we developed
various compartment models tailored to A,,. For VOCs with
Ab:a less than 10, our model incorporated three compartments:
the lung, fat, and rest of the body. Notably, upper airways have
a significant impact on hydrophilic VOCs.> Consequently, for
compounds with 4, exceeding 10, we introduced an
additional bronchus compartment to our model. The compart-
ment models assumed that VOC production and clearance
mainly occur in the remaining body compartments, excluding
the fat compartment. Detailed mass balance equations for each
compartment were provided in the Supporting Information.

Physiological quantities cardiac output (Q,), fractional flow
bronchioles (q,,), fractional flow fat (qg) for each subject
were estimated by PK-Sim software.”” Alveolar ventilation
(V,) was estimated from the empirical formula reported in
elsewhere.”* The blood-fat partition coeficient (1) of VOCs
was estimated from the linear free energy relationship reported
by Abraham and Ibrahim.”> The derivation of the ratio of
mucus-air and mucus-blood partition coefficients (Ac../
Amucp) Was complex, and the detailed process was summarized
in the Supporting Information.

2.5. Health Risk Assessment. Health risk assessments
were performed by referring to the human health assessment
manual issued by the United States Environmental Protection
Agency (US EPA). The external exposure assessment estimates
the lifetime average daily dose (LADD) as follows:

C; X IR X EF X ED
BW X LT (3)

where, C; is the environment concentration of VOCs, ng-L™!;
IR is the inhalation rate (L-h™"); EF is the exposure frequency
(h-day™); ED is the exposure duration in a lifetime (year); BW
is the body weight (kg); LT is the averaged lifetime (year).

Based on LADD, the noncancer risk of a chemical, hazard
quotient (HQ), can be expressed as

LADD =
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HO - LADD
“t " RfC x RfV + RfBW (4)

where, RfC is the inhalation reference concentration provided
by US EPA (ng:L™"); RfV is the reference daily inhalation rate
(L-day™"); RfBW is the reference body weight (kg). The
calculation parameters are listed in Table S3—S4.

Given the lack of methods for assessing health risks from
internal exposure, we adopted an approach similar to that for
external exposure. By summing HQs across different age stages,
we calculated the lifetime noncancer risk of internal exposure.
This method allows for a comparison between internal and
external exposures.

AG', X IR, X EE X ED,
BW, X LT, (s)

LADD, =

where, i represents an age stage (i= teenager, young adult or
senior); AG; is the corrected alveolar gradient of VOC (ng:
L.

The noncancer risk of a VOC for internal exposure can be
calculated by the following equation:

Hg, =¥ LADD,
it " &4 RfC, X RfV, + RfBW, (6)

The associated parameters used for calculating HQ_ from
internal exposure were summarized in Table S3—54.

The cancer-associated risks from external and internal
exposure were calculated as follows:

CR,, = C; x IUR )

CR,, = AG' X IUR (8)

where, IUR is the inhalation unit risk (ng-L™")™" (Table S5).

2.6. Fat Bioavailability. This study expressed the
bioavailability of exogenous VOCs using the ratio of VOCs
entering the fat to those inhaled.”®

VOCenteringthefat
VOCinhaled

: 1
C“ X Qc X 1+/Ib:f

Fatbioavailability

C XV, 9)

where, C, is the arterial concentration (ng-L™!); Q, is the
cardiac output (L-min~'); V, is the alveolar ventilation (L-
min~'); Ay is the blood-fat partition coefficient.

2.7. Statistical Analysis. The raw VOC data were
quantitatively analyzed by using an internal standard normal-
ization method. The k-means cluster was used to expand the
application of the breath tracker algorithm in the offline
samples. The number of clusters was optimized by the elbow
method. The experimentally measured 4y, from literatures and
molecular descriptors of 195 compounds were used to
construct the QSPR model based on genetic algorithm-
artificial neural network (GA-ANN). GA was implemented for
feature selection in the Chemdes descriptors set. ANN was
employed to describe the complex nonlinear relationships
between the 4,, and chemical structures. The predictive
efficacy of the GA-ANN model was assessed using the
coefficient of determination (R?), mean absolute error
(MAE), and root-mean-square error (RMSE). Random forest
(RF) algorithm was used to develop the disease diagnostic
models. The diagnostic model employed 5-fold cross-

validation to prevent overfitting. Diagnostic performance was
assessed by using receiver operating characteristic (ROC)
curves. The predictive power of the model was evaluated via
the sensitivity, specificity, accuracy, precision, recall, F1, and
area under curves (AUC).

All of the analyses were performed using R Studio (version
4.1.1, RStudio Inc., Boston, MA, USA).

3. RESULTS AND DISCUSSION

3.1. Inadequacy of Current Methods in Exhaled VOCs
Origin Determination. Breathomics research, which plays a
vital role in disease diagnostics, currently faces significant
challenges. A major hurdle is the difficulty in distinguishing
between endogenous and exogenous VOC:s, casting doubts on
the reliability of biomarkers.” To understand the state of
breathomics research, we performed a thorough search in the
Web of Science database from its inception until February 14,
2024, using “volatile organic compounds” and “breath” as
keywords. This search yielded 3,570 relevant articles covering
disease diagnosis, health monitoring, environmental exposure,
and other frontiers (Figure 1A). However, nearly all of these
studies (approximately 3,550) overlooked potential confound-
ing factors arising from the mixture of environmental
compounds with exhaled air. Less than 30 studies attempted
to differentiate between endogenous and exogenous
VOCs,'"”” highlighting a gap due to complex human-
environment interactions and the absence of effective methods
for tracing VOC origins.'” This methodological shortfall
increases the risk of misattribution, leading to breath analysis
results that are challenging to replicate or apply clinically.®
Acknowledging these issues is essential for advancing breath
analysis techniques. Consequently, we collected extensive
breath samples to evaluate and enhance the precision of
methods distinguishing endogenous from exogenous VOCs.

We recruited 271 volunteers from three research centers
between 2021 and 2023 to provide exhaled breath samples
(Figure 1B). These volunteers were categorized into teenager
(<18 years), young adult (19—49 years), and senior (>50
years) groups based on age.”* This stratification enabled us to
explore the impact of varying environmental exposure
durations and age-related metabolic functions on endogenous
and exogenous VOCs identification. Using GC X GC-TOF
MS/FID, we conducted a nontargeted analysis of the breath
and ambient air samples, identifying a wide range of VOCs. We
found 50 VOCs with an occurrence rate above 80% and
categorized them into chemical groups (Figure 1C). The
results indicated that alkanes (24%), aromatics (18%), and
ketones (18%) dominated the composition of exhaled breath,
followed by aldehydes (10%), alkenes (8%), acids (8%), esters
(6%), heterocycles (6%), and nitriles (2%). This diversity in
VOCs facilitated a comprehensive evaluation of origin
discrimination methodologies, with subsequent focus directed
toward elucidating the origins of these 50 VOCs.

The AG method is widely used to distinguish between
endogenous and exogenous VOCs due to its rapid
identification of environmental influences.”® However, its
magnitude and polarity can be affected by individual and
environmental variations.”” To improve reliability in identify-
ing endogenous compounds, we analyzed a large sample set
with the AG method, calculating peak intensity differences of
target VOCs in exhaled versus environmental samples.”’ We
established benchmarks for differentiating endogenous VOCs
from exogenous VOCs through average AG and endogenous
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Figure 1. Current state and methods for exogenous and endogenous VOCs identification in breath researches. (A) Publication statistics on
differentiating exhaled VOCs origins. (B) Demographics and sample overview in this study. (C) Chemical classes of 50 exhaled VOCs accurately
identified and quantified by TD-GC X GC-TOF MS/FID. (D) Alveolar gradients and endogenous rates of 17 exhaled VOCs. (E) Breath tracker-
based cluster analysis for exhaled VOCs.

ratios. Typically, VOCs with an average AG > 0 and an Conversely, VOCs showing a negative AG typically indicate an

endogenous ratio >70% are regarded as endogenous. Our environmental or1 in, as they are inhaled at higher levels than
analysis identified 16 VOCs meeting these criteria (Figure S1). they are exhaled.”’ We found 17 VOCs with an average AG <
D https://doi.org/10.1021/acs.est.4c04575
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0 and an endogenous ratio <30%, classifying them as
exogenous (Figure S1). However, 17 VOCs had ambiguous
classifications, with average AGs near zero or endogenous
ratios between 30% and 70%, making their origins uncertain
(Figure 1D). This uncertainty arises from the similarity in
concentrations of these VOCs in exhaled breath and
environmental air, compounded by individual and environ-
mental variations. Moreover, the current AG represents VOC
concentration after passing through the upper airways, not
directly from the alveoli, thus overlooking the effect of
bronchus on exhaled VOCs. Studies have shown that VOCs
with a high A, significantly interact with the water-like mucus
membrane lining the conductive airways, reducing the
concentration of hydrophilic volatiles as they move from the
alveoli to the airway opening.’” This discrepancy between
alveolar air and measured end-tidal air depends on factors like
airway temperature, perfusion, breathing patterns, and
primarily Ay.,.>* Therefore, it is necessary to take into account
the physical and chemical characteristics of various VOCs and
convert exhaled concentrations to true alveolar concentrations.
Breath tracker algorithm offers an alternative method for
distinguishing endogenous from exogenous VOCs.”° However,
its use is limited to online PTR-TOF MS data. To broaden its
applicability, we developed a clustering approach inspired by
the breath tracker concept, using acetone and isoprene as
benchmarks for endogenous VOCs.'® This method involves
classifying compounds that cluster closely with these bench-
marks as endogenous, while those further away are deemed
exogenous. We applied k-means clustering on samples and
VOCs, optimizing the number of clusters through the elbow
function (Figure S2A). This process divided the samples into
five clusters, reflecting the chemical heterogeneity in exhaled
breath and the environmental air (Figure S2B). Our analysis
identified notable similarities between the two, indicating the
exhalation of compounds into the ambient air. We then applied
k-means clustering to differentiate between endogenous and
exogenous VOCs, categorizing S0 VOCs into four clusters
based on their chemical behaviors (Figure 1E). Acetone and
isoprene, indicative of endogenous VOCs, predominantly
formed one cluster, while unequivocally exogenous compounds
such as toluene, xylene, and ethylbenzene formed another. A
third cluster, containing three acids, overlapped with the
endogenous group, suggesting a link to microbiome
emissions.>* However, the algorithm faced difficulties with
compounds in middle clusters of mixed origins, highlighting
the need for more accurate methods to pinpoint VOC origins.
A comprehensive understanding of the processes that govern
VOC distribution and transport across different biological
matrices is essential to accurately identifying their origins.
3.2. Accurately Estimating VOC Kinetics for Compart-
ment Model Development. To improve the distinction
between exogenous and endogenous VOCs in exhaled breath,
we developed physiological-compartment-based kinetic
(PCBK) models. These models integrated environmental,
exhaled air, bronchial, lung, arterial, venous, fat, and remaining
body compartments through physiological parameters, dis-
tribution processes, and mass balance (Figure S3). Detailed
descriptions of the PCBK model were summarized in the
Supporting Information. By estimation of the actual alveolar
concentrations (C,), our models offer robust theoretical
support for identifying endogenous VOCs. Simulation results
showed that the 4, production (k,,,) and clearance rates (k)
are crucial physicochemical parameters for C, calculation.

However, a comprehensive database of these parameters in
exhaled VOC:s is currently lacking. Given the high cost, time
investment, and significant sample size requirements for
experimental determination, theoretical and computational
methods present a viable alternative for parameter estimation.

We developed a QSPR model using GA-ANN to predict Ay,
This parameter significantly influences the uptake of
exogenous vapors and the exhalation of endogenous
compounds. The variability of 4., in the human volatilome
can span over 12 orders of magnitude,” indicating that
compounds with similar exhaled levels may have vastly
different concentrations in the alveoli and blood. Accurate
Ay values are essential for understanding VOCs behavior
within the body, identifying associated biochemical pathways,
and assessing their diagnostic and therapeutic potential. Our
model was trained on a data set comprising Ay, values for 195
VOCs gathered from the literature.”>~*' We obtained chemical
structures from PubChem, optimized geometric structures, and
calculated molecular descriptors using ChemDes.*” The GA-
ANN model was designed to efficiently map nonlinear
relationships between these descriptors and Ao The
workflow of this model is illustrated in Figure 2A. After
running the model 20 times with varying initial populations
(Figure S4), we evaluated the frequency of descriptor selection
(Figure SSA), incrementally incorporating the most relevant
variables into the ANN. Six variables proved ideal for our
model (Figures SSB-D and S6), involving two-dimensional
topological and charge indices (MLFER_S, Qmin, XLogP,
ATSCOc) and three-dimensional shape and functionality
(RDF10s, MoRSEU1S), suggesting that polarizability, charge
density, and changes in Gibbs energy of solvation predom-
inantly determine the distribution mechanism at the blood-gas
interface.”” This result led to a network structure with an input
layer with 6 neurons, a hidden layer with 11 neurons, and an
output layer with a single neuron for A, prediction (Figure
2B). The model underwent extensive training to adjust weights
and biases, demonstrating high reliability and excellent fitting
across validation and test data sets (Training-R* = 0.95625,
Validation-R? = 0.90362, Test-R* = 0.90073) (Figure 2C). The
RMSE for the test set was 0.34230, comparable to the RMSE
of the training set (0.23598), indicating consistent accuracy
and generalizability. Although the R* and RMSE of nonlinear
model in this study are comparable to those reported by Luan
et al,*" our model covers a broader range of compounds, thus
expanding its applicability and improving stability. The residual
plot further validated the accuracy of the model, showing a
uniform distribution of residuals without systematic errors in
the QSPR models (Figure 2D).

We further assessed the AD of our model, which is a critical
step in any QSAR research. The AD of a QSAR model refers to
the physicochemical, structural or biological space, knowledge
or information on which the training set is developed and is
applicable for predicting new unknown compounds.** In this
study, the AD was determined using a leverage approach (eq 1,
Figure 2E). The Williams plot identified two response outliers
with standardized residuals over 3 and four structural outliers
with leverage values exceeding h* for our model (eq 2).
Structural outliers were considered as good leverage points
since the information that these four compounds encode made
the QSAR model more precise.”” Overall, the majority of
VOCs in our study set fall within the AD, with the model
reliably predicting the 4,, for 96.92% (189/19S5) of the
compounds. We also assessed the AD for 33 exhaled VOCs
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Figure 2. Partition coefficient and VOC:s kinetics estimation for compartment model development. (A) Flowchart of the GA-ANN algorithm-based
QSPR model. (B) The architecture of ANN shows the nonlinear relationship between chemical structures and A, (C) Comparison of
experimental log 4, versus predicted log 4, by the QSPR model. (D) Plot of residuals versus experimental log 4,,,. (E) Applicability domain of
developed QSPR model. (F) Estimating VOCs production and clearance rates using the affine function of the exhaled and inhaled concentrations.
(G) Comparison of estimated isoprene production and clearance rates with reported values.

with unknown 4, finding most within the AD of the

model, suggesting their predicted values were likely reliable
and close to experimental measurements (Table S2). Among
the 50 VOCs analyzed, we found diverse Ay, values, with 11
below 10, 25 exceeding 100, and the remainder between 10
and 100. Furthermore, we observed that compounds with the

same substituents showed increased Ay, with higher

QSPR

carbon

numbers, while chemical complexity and the addition of polar

functional groups also raised A,. This observation confirmed
that A, increased with structural complexity and molecular

polarity.*®

(AG),

After the gaps in A, the focus shifted to determining k

pro

and ky. Our PCBK model can estimate the C, devoid of
environmental impacts, termed as corrected alveolar gradients
thereby allowing for quantifying the endogenous
fraction of exhaled VOCs. The equation for AG’ resembles a
straight line of the form

AG = C,(0) = C,(C,) — aC

Inhaled concentration C; is the variable here. Different
constants @ were applied to VOCs with varying Ay, The
complete equations were available in the Supporting

(10)

Information (eqs S41, S48 and S54). Our analysis indicated
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that the constant a was completely determined by physio-
logical quantities including V,, Q, conductance parameter
(D), Qbror Gty Amucia/ Amucty Apa and kg. Under steady-state
conditions, we could measure or estimate all parameters except
kg The kg and k,,, are derived from the affine function of
exhaled concentrations (Cy,,) and C; (Figure 2F, eqs S13—14
and S30—31). By matching with experimental data, we were
able to fit the intercepts and slopes of the functions, thereby
calculating kg and k. Given the impact of age on these
rates,”* we conducted distinct k; and ko estimations for the
50 VOCs across different age groups (Figure S7). Notably,
there existed significant interindividual variations in both kg
and k., hence the estimated ky and k,, here reflected
population-wide averages.19 Our findings on k, and ky
aligned with the limited existing research (Figure 2G). For
instance, our estimated k,,, for isoprene in young adults (1.24
X 10° ng'min~") closely matched previously reported values
(2.43 x 10° ng'min~"), but we observed a zero k across age
groups, significantly deviating from the reported 10 L-min~" in
previous research.” It is important to note that the small
numerators in the derivative formulas for ky and k,,, may lead
to significant errors if the sample size is not sufficiently large.
Given that previous studies involved significantly fewer
participants (n < 10) than our own (n = 271), the estimated
kg and k,,, in this study should be more reliable. Our estimated
kq and k,, for most VOCs were within the same order of
magnitude across different age group and aligned with existing
literature.”>*” Moreover, employing k; and kyo from our
study, the predicted venous concentration of acetone closely
matched the typical blood measurement of 1 mg-L™", further
validating the accuracy of our model.*

3.3. Inventory and Tissue Distribution of Endoge-
nous and Exogenous VOCs. By applying Ay, ko kg and
other parameters (Table S2) to the PCBK model, we
determined the gradient o and the AG’. Figure 3A illustrated
the comparison of average alveolar gradients and endogenous
ratios for S0 exhaled VOCs before and after correction,
highlighting more distinct differences postcorrection, thus
improving the differentiation between endogenous and
exogenous VOCs. Specifically, 43 VOCs exhibited an average
AG’ above 0, yet 11 of these had an endogenous ratio under
70%. Accounting for individual variability in alveolar gradients,
32 compounds with average AG’ > 0 and endogenous ratios
>70% were classified as endogenous. Meanwhile, 13 VOCs
were identified as exogenous due to their average AG’ < 0 or
endogenous ratio <60%. The remaining S compounds showed
slightly positive average AG’ values with endogenous ratios
between 60% and 70%, indicating a potential mixed origin
from human metabolism and ambient air. Further analysis
revealed their average endogenous contributions (eq S56),
leading to a breakdown of these compounds into endogenous
and exogenous parts for closer scrutiny. We determined the
average endogenous contributions of these 5 VOCs, such as 2-
butanone at 11.95%, n-hexane at 23.10%, (1-methylethyl)-
benzene at 40.69%, pentadecane at 42.46%, and dodecane at
63.13% (Figure 3A). Thus, our study offered a detailed catalog
of the endogenous and exogenous sources of 50 commonly
exhaled VOCs. This comprehensive understanding not only
reveals the interaction between humans and the environment
but also refines the application of exhaled VOCs across various
fields based on their origins.

We additionally employed the PCBK model to analyze the
distribution of VOCs across various tissues (Figure 3B).

Notably, acetone was the most prevalent VOC in all
compartments, with concentrations three to 4 orders of
magnitude higher than other VOCs. Isoprene also exhibited
higher concentrations in all compartments compared to VOCs
with A, < 100. This likely arose from acetone and isoprene
having higher k,, values than other VOCs. Beyond these two
compounds, the distribution of other VOCs varied, with those
having a Ay, less than 100 concentrating mostly in the blood,
fat, and alveoli and least in the bronchus. Conversely, highly
soluble VOCs (4;,, > 100) were found at lower concentrations
in the alveolar and bronchial compartments. At the blood-gas
exchange interface, the concentration variation of highly
soluble VOCs spanned two to 3 orders of magnitude,
highlighting the crucial influence of 1, on the transmembrane
transport efficiency of polar VOCs.*” Unlike VOCs with 4,,, <
100, fat appeared to be a key reservoir for highly soluble
VOCs, where their concentrations were similar to those in the
blood. Our analysis also indicated that the distribution patterns
of certain endogenous VOCs might change with age, with
compounds like pentane and undecane showing a negative age
correlation, suggesting their potential as aging biomarkers.**
The compartmental concentrations of endogenous n-hexane,
benzene, heptane, butanoic acid, methyl ester, 3-methyl-
thiophene, methacrolein, 1,4-dioxane, acetoin, benzaldehyde,
and acetophenone increased with age. However, these
substances could not be directly regarded as age biomarkers
since their elevated levels in exhaled breath might also result
from widespread exposure to environmental stressors. This
necessitated further research to isolate age as a determinant.
The distribution of VOCs across age groups showed that age
alone did not dictate concentration differences; intrinsic
production and metabolic rates were also crucial factors.
Similar to acetone and isoprene, 20 VOCs peaked in young
adults, suggesting a link to more active metabolism and
behavioral activities. In contrast, compounds such as 1-
pentene, decane, dodecane, 2-methyl-octane, 2-butanone,
acetic acid, methyl isobutyrate, propanoic acid, 2-methyl-
propanoic acid, butanoic acid, and phenol exhibited the lowest
concentrations in the young adults, possibly due to enzyme-
mediated metabolism or chemical degradation.””™" The
detailed quantification of VOCs across compartments
enhances our understanding of their absorption, distribution,
metabolism, and excretion mechanism in the body, which is
vital for assessing the health implications of VOC exposure in
different populations.

3.4. Applications of Distinguished Endogenous and
Exogenous VOCs. By accurately distinguishing between
exogenous and endogenous VOCs in exhaled breath, we
enhanced the utility of breathomics in environmental exposure
assessment and diagnosing diseases.”” Breath acts as a pivotal
medium for human-environment interaction, with its chemical
components providing insights into environmental exposure
levels.””> While conventional methods have predominantly
concentrated on external sources of VOC exposure to humans,
the mixture of exogenous and endogenous VOCs in exhaled
breath poses a challenge for effectively assessing external
exposure levels.”" Discerning between these two components
enables a more holistic exposure assessment and a comparison
between external and internal exposures.

Inhaling exogenous VOCs from the environment is a crucial
route to external exposure. We determined the inhalation rates
of exogenous VOCs, including the exogenous fractions of
(exo) endogenous VOCs, using C; and corresponding V,
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Discriminating endogenous from exogenous VOCs: Application expansion and performance improvement
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Figure 4. Personalized application of exogenous and endogenous VOCs in environmental exposure assessment and disease diagnostics. (A) The
inhaled rate and fat bioavailability of exogenous VOCs. (B) LADD and HQ illustrate the noncancer risk assessment of external exposure across
different age groups. (C) Noncancer risk assessment of internal exposure based on LADD and HQ. (D) Density curves display cancer risk
assessment of benzene, ethylbenzene and 1,4-dioxane across different age groups. (E) The relationship between Cji and AG’ shows the source-sink
conversion for five endogenous VOCs. (F) Demographics of gastrointestinal tumor patients and healthy controls. Age and weight are displayed as
min-max (mean). (G) Performance comparison of GC diagnostic models using C,,,and AG’. (H) Performance comparison of CRC diagnostic

models using C,,, and AG’.

(Figure 4A), thus quantifying actual exposure doses. The
analysis showed that inhalation rates for 18 exogenous VOCs
were all below 70 ng'min~", with toluene exhibiting the highest
rate at 65.08 ng'min~'. To assess health risks from exogenous
VOC exposure, we calculated the LADD and compared it with
reference data from the EPA for eight compounds (eq 3,
Figure 4B, Tables S3—4). The LADD values ranged from
17.70 ng-kg '-day~" to 422.61 ng-kg~'-day'. The HQ for these
VOCs varied from 1.95 X 107° to 2.84 X 107 (eq 4, Figure
4B), with toluene, ethylbenzene, m and p-xylene, and n-hexane
presenting higher risks, highlighting their potential as hazard-
ous pollutants at the sampling sites. Nonetheless, all HQ values
were below the safety threshold of 0.2, indicating that

inhalation exposure alone might not significantly risk health.>
Adjusting for age-related changes in physiological parameters,
we found seniors were at greater risk from inhalation exposure
than young adults and teenagers (Figure 4B), underscoring the
need for cleaner environments for the elderly.

Internal exposure represents the body’s response to
environmental stressors. We combined exposure data from
teenagers, young adults, and seniors to model lifetime internal
exposure to endogenous VOCs. Given the limited reference
values for many VOCs, we estimated the LADD for eight
endogenous VOCs using AG’ (eq S, Table S3—4). Figure 4C
illustrated the noncancer risks from endogenous VOC
exposure (eq 6). The lifetime average HQ for these VOCs
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ranged from 2.56 X 1075 to 0.208, with most values below the
safety threshold of 0.2, indicating minimal noncancer risks.
Despite its high internal exposure dose (1.14 X 10° ng-kg™"
day™), acetone gresented the lowest estimated HQ because of
its low toxicity.” Conversely, phenol exhibited the highest HQ
value among the eight VOCs; followed by benzene (0.0197)
and 1,4-dioxane (0.0184), suggesting potential nervous and
respiratory system impacts. We further assessed the compre-
hensive noncancer risks posed by all eight endogenous VOCs
(HQupta1 = 0.256), which indicated higher risks from internal
exposure compared to external exposure (HQ,,, = 0.00543—
0.0339). Therefore, regarding human exposure, the external
and internal exposures should be coupled to accurately
evaluate the health risks. Although the noncancer risks did
not exceed the overall safe level of 1,°” cancer-related risks
remained a concern. Figure 4D presented a cancer risk
assessment for three carcinogenic VOCs across different age
groups (egs 7-8), including two endogenous (benzene and 1,4-
dioxane) and one exogenous (ethylbenzene) VOCs (Table
S5). The estimated lifetime cancer risks for these VOCs fell
between 10 and 10™*, pointing to potential carcinogenic risks
from both internal and external exposures.”” Age-specific
analysis showed young adults were most at risk from benzene
and 1,4-dioxane, while seniors faced higher risks from
ethylbenzene, with these carcinogens being the least threat-
ening to teenagers. This suggested that cancer risks from
external exposure increased with age or exposure duration,
whereas internal risks were linked to metabolic and
physiological functions. Therefore, distinguishing exhaled
VOCs origins not only enables accurate quantification of
external environmental exposure doses but also facilitates
assessments of internal health risks. These insights highlight
the different cancer risk mechanisms from internal versus
external exposure, thus calling for stratified strategies in health
risk management.

Quantifying the fate of exogenous VOC:s in the body helps
to clarify the long-term effects of these inhaled compounds. Fat
tissues are typically recognized as primary storage sites for
VOCs.” We evaluated the fat bioavailability of 18 exogenous
VOC:s in fat (eq 9), finding a wide range from 0.38% to 100%
(Figure 4A). There was a trend where fat bioavailability
increased with the molecular weight and the presence of polar
functional groups, suggesting compounds with higher molec-
ular weights or polarity were more prone to fat storage.
Notably, nine VOCs showed a fat bioavailability of 100% or
higher, indicating pre-existing accumulation in fat. Further
analysis of the correlation between exogenous VOC fat
concentrations (Cfm) and body fat content revealed that
most Cp, plateaued at fat contents above 10% (Figure S8),
suggesting a dilution effect at higher fat levels. However,
aromatic hydrocarbons such as toluene, ethylbenzene, m- and
p-xylene, styrene, xylene, and (l-methylethyl)-benzene ex-
hibited slight increases with fat content, likely due to their
higher LADD, which could counteract the dilution effect of
increased fat content. Our study suggests that aromatic
hydrocarbons represent the most significant long-term health
risk among all exogenous VOCs.

Differentiating between endogenous and exogenous VOCs
reveals potential flaws in previous assessments of the inhalation
exposure risks. While benzene is typically regarded as
exogenous,”” our findings indicate it may also have
endogenous characteristics, as shown by its AG’. Similar
observations were made for compounds like (1-methylethyl)-

benzene, benzaldehyde, D-limonene, and acetonitrile, poten-
tially due to sink-source conversion effects. To explore the
determinants behind the endogenous output of these five
VOCs, we investigated the relationship between their AG" and
Cy (Figure 4E). Our analysis found a significant positive
impact of Cy, on the AG’ of these VOCs. This suggested that
the role of human breath as a VOC source or sink was highly
dependent on Cj,. Specifically, AG" values turned predom-
inantly positive when Cy, surpassed certain thresholds,
implying that exogenous VOCs could undergo reverse release
after accumulating to a certain extent in fat. We also observed
that the thresholds of Cg, required for this source-sink
conversion varied with the A, of each compound. The
highest Cg, threshold required for this conversion was for
acetonitrile, approximately 200 ng-L™". As 4, decreased, Cy,
threshold levels followed with benzaldehyde (~70 ng-L™"),
benzene (~10 ng'L™"), (1-methylethyl)-benzene (~3 ng-L™"),
and D-limonene (~0.4 ng-L™') in sequence. These results
indicate that compounds with lower 4y, values are more likely
to turn the human body into a secondary source. Furthermore,
due to prolonged exposure and greater accumulation of
environmental substances in fat, adults are more likely to
become secondary sources of these pollutants (Figure 4E).
The similar Cy,, levels in young adults and seniors might be due
to dilution effects, indicating that the fat tissue could inhibit
the release of these pollutants. Our findings reveal that under
high environmental concentrations some pollutants migrate
from the alveoli to the capillary and pulmonary veins due to
the partial pressure gradient, making humans act as pollutant
sinks. These compounds can then be distributed and
potentially stored within the body, to be exhaled or otherwise
excreted when external levels decrease.”* Additionally, their
low k, suggested that these compounds were eliminated slowly
from the body, facilitating their accumulation and gradual
release. This challenges traditional views on the origins of
VOCs and refines our understanding of the health risks they
pose.

The majority of breath research hitherto undertaken has
focused on exploring endogenous biomarkers for diseases."”
Although these breathomics-based diagnostic models were
statistically promising, their clinical applicability often fell
short.” This limitation is mainly due to their failure to
distinguish between exhaled VOC concentration changes
caused by environmental exposure and metabolic changes.
We enhanced disease diagnostic models by incorporating
endogenous VOCs from exhaled breath, using gastrointestinal
tumor patients and healthy controls as examples (Figure 4F).
Recent study has shown that ALDHI1A3 gene deletion and
pyruvate metabolism abnormalities in gastric cancer (GC)
patients significantly alter six exhaled VOCs.>® Fourteen
exhaled VOC biomarkers in colorectal (CRC) patients are
closely linked to the gut microbiome.”” We developed models
based on the Cy,, and AG’ of these VOC biomarkers. Figures
4G-H illustrates ROC curves for the diagnosis models of GC
and CRC cancers. Analysis using the RF classifier on Cy,,, of six
GC biomarkers yielded an accuracy of 0.7571, sensitivity of
0.8906, specificity of 0.6842, and AUC of 0.8376, validating the
efficacy of these potential biomarkers. Models developed with
AG' showed superior performance, with accuracy increasing to
0.9143, sensitivity to 0.9063, specificity to 0.9342, and AUC to
0.9512. Adjusting for environmental influences also signifi-
cantly improved the CRC model's accuracy by 16.39%,
sensitivity by 20.97%, specificity by 7.94%, and AUC by
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14.44%. These results demonstrated that previous disease
diagnostic models, which failed to account for confounding
effects of environmental VOCs, might have erroneously
interpreted variations in environmental concentrations as
changes in biomarkers. A novel approach recently suggested
simulating environmental VOCs at the time of sampling to
improve model accuracy.”” However, our study employed a
different strategy, utilizing AG’ to refine diagnostic models.
This method directly mitigated the impact of environmental
VOCs, bypassing the biases of algorithmic environmental
concentration predictions. Our findings reveal that AG'-based
models not only enhance prediction accuracy but also improve
the interpretability of disease-specific metabolic changes
against environmental backgrounds. Therefore, our research
identifies a critical gap in the statistical robustness and clinical
applicability of diagnostic models by emphasizing the
importance of considering environmental VOCs.

4. IMPLICATIONS

Several limitations might affect the results obtained in this
study. First, additional factors influencing the solubility of
compound (e.g., blood proteins binding, differences in blood
composition) were not taken into consideration.’” This
omission means that the 4, predictions should be viewed as
approximations rather than precise values, potentially introduc-
ing bias and uncertainty in estimating VOC tissue concen-
trations. Second, the endogenous compounds identified
include VOCs from gut microbiota and undigested food
residues, which are conceptually different from those produced
by cellular metabolism. Despite collecting exhaled breath
samples after an overnight fast, the influence of food on
exhaled VOCs could not be completely eliminated. Moreover,
due to the unclear mechanism of gut-released VOCs being
exhaled, our developed PCBK model does not explicitly
classify a gut compartment, preventing a clear distinction
between VOCs produced by the host and microbiota. Future
improvements to the PCBK model can provide better technical
support for exploring the exhaled VOC origins.

Overall, we demonstrate that exhaled VOCs are affected by
alveoli, mucus, and external environment conditions, limiting
the effectiveness of directly using exhaled concentrations for
environmental exposure assessments or as disease biomarkers.
We developed the PCBK model that estimates the distribution
of VOCs across various tissues and quantifies the interaction
between environmental exposures and endogenous production.
By accurately calculating alveolar concentrations without
external effects, our model accurately differentiates between
endogenous and exogenous VOCs, essential for personalized
applications based on their origins. The PCBK model
elucidates the complex processes of VOCs absorption,
distribution, metabolism, and excretion within the body.
These advancements enable a more comprehensive assessment
of health impacts from both internal and external exposures,
aiding in the refinement of exposure evaluation systems and
stratified management strategies. Furthermore, accurately
identifying the origin of exhaled VOCs significantly enhances
the accuracy of the breath biopsy, leading to more targeted and
effective healthcare interventions. Therefore, our work
significantly contributes to the fields of public health,
environmental exposure assessment, and precision medicine
by propelling breathomics forward.
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