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Abstract

Breath analysis is a non-invasive diagnostic method that offers insights into both physio-
logical and pathological conditions. Exhaled breath contains volatile organic compounds,
which act as biomarkers for disease detection, allowing for the monitoring of treatments
and the tailoring of medicine to individuals. Recent advancements in chemical sensing,
mass spectrometry, and spectroscopy have improved the ability to identify these biomark-
ers; however, traditional statistical approaches often struggle to handle the complexities
of breath data. Artificial intelligence (AI) and machine learning (ML) have revolutionized
breath analysis by uncovering intricate patterns among volatile breath markers, enhancing
diagnostic precision, and facilitating real-time disease identification. Despite significant
progress, challenges remain, including issues with data standardization, model inter-
pretability, and the necessity for extensive and varied datasets. This study reviews the
applications of ML in analyzing breath volatile organic compounds, highlighting method-
ological shortcomings and obstacles to clinical validation. A thorough literature review was
performed using the PubMed and Scopus databases, which included studies that focused
specifically on the role of machine learning in disease diagnosis and incidence prediction
via breath analysis. Among the 524 articles reviewed, 97 satisfied the specified inclusion
criteria. The selected studies applied ML techniques, fell within the scope of this review,
and emphasize the potential of ML models for non-invasive diagnostics. The findings
indicate that traditional ML methods dominate, while ensemble methods are on the rise,
and deep learning (DL) techniques (especially CNNs and LSTMs) are increasingly used
for classifying respiratory diseases. Techniques for feature selection (such as PCA and
ML-based methods) were frequently implemented, though challenges related to explain-
ability and data standardization persist. Future studies should focus on enhancing model
transparency and developing methods to further integrate AI into the clinical setting to
facilitate early disease detection and advance precision medicine.

Keywords: volatile organic compounds; artificial intelligence; deep learning; biomarkers;
non-invasive diagnostics

1. Introduction
Artificial intelligence (AI) and machine learning (ML) have become transformative

tools across biomedical research, particularly in non-invasive diagnostic technologies.
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Among these, breath analysis is gaining traction as a promising method for disease detec-
tion and prognosis, offering a painless, rapid, and cost-effective alternative to traditional
clinical diagnostics. By analyzing volatile organic compounds (VOCs) in exhaled breath,
researchers can obtain molecular insights into physiological and pathological states. This
review systematically examines the application of AI and ML methods to breath analysis
for disease diagnosis and monitoring, aiming to summarize the state of the art, identify
methodological trends, and highlight gaps for future research.

1.1. Breath Analysis in Medicine

Breath analysis has emerged as a revolutionary and non-invasive diagnostic tool in
modern medicine, providing insights into the physiological and pathological processes of
the human body. Exhaled breath contains a complex mixture of inorganic gases, thousands
of VOCs, as well as microscopic aerosol particles. These components carry molecular infor-
mation, which reflects dietary changes, performance of human physical activity, uptake of
medication, and exposure to environmental pollutants [1–6]. They also serve as biomarkers
for assessing health status and diagnosing diseases. Clinical trials involving breath analysis
have steadily increased over the past two decades. In the UK, the cumulative number of
such trials rose from approximately 10 in the year 2000 to over 700 by 2025, compared
to Switzerland, which reported more than 127 studies during the same period [7]. Simi-
lar trends have been observed globally, with studies focusing on (a) identifying specific
biomarkers for early disease detection, (b) monitoring breath markers associated with
treatment response (e.g., pharmacokinetics), (c) measuring toxic chemical exposure, and d)
advancing precision medicine.

Recent advances in chemical sensing tools, along with the development of analytical
methodologies [8–11], have facilitated the analysis, screening, and decoding of volatile metabo-
lites produced by complex and interacting biochemical processes that continuously evolve
within the human body [12–14]. These metabolites are found in body fluids (such as blood,
urine, and saliva), tissues, and human breath, and, for both healthy and diseased individuals,
they possess a characteristic molecular profile [1,15]. When a change occurs in response to an
external stimulus (such as diet) or due to a change in metabolic processes occurring within
the human body, the volatile metabolic profile shifts; some VOCs may decrease while some
new VOCs may be generated, creating a unique molecular signature for a specific condition.
For example, the concentration of acetone in breath has been shown to correlate with fat
loss in healthy individuals [16]. Human exhaled breath, as a dynamic mixture of chemical
compounds, depends on individual characteristics such as age, gender, genetic makeup, and
exogenous factors including exposure to ambient environmental chemicals that enter the body,
namely through inhalation, foodstuffs, physical activity, and medication.

Existing mainstream technologies for the analysis of exhaled breath utilize either
standalone or combined mass spectrometry (MS)-based approaches [8,17], ion mobil-
ity spectrometry (IMS) [18–22], electronic noses [17], gas chromatography, and laser
spectroscopy [23,24]. The most widely used analytical technique for ‘off-line’ breath analy-
sis is gas chromatography combined with MS (GC-MS) [13,25]. GC-MS has been extensively
applied in the analysis of breath VOCs and semi-VOCs. A GC-MS system may either con-
tain a hard-ionization source (such as electron impact—EI), which produces mass spectra
with a plethora of ion fragments, or alternatively, a soft-ionization system (such as chemi-
cal ionization—CI), which can operate either in positive or negative ion production and
detection mode and produces less fragmentation by providing a more gentle molecular
ionization mechanism. These systems are able to produce clearer mass spectral signatures
(protonated molecular ion, deprotonated molecular ion, or adducts) compared to the EI
ionization method. Existing breath sampling and collection methodologies usually em-
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ploy Tedlar gas sampling bags, gas syringes, and glass or stainless-steel canisters. For
most of the aforementioned techniques, sample introduction into the GC injection port
may be executed directly using a transfer line or via solid phase microextraction (SPME)
fibers [26,27]. Two-dimensional GC × GC coupled with MS has been used to analyze polar
and non-polar molecules from exhaled breath [28]. GC-MS has also been coupled with
thermal desorption (TD) units. In TD-GC-MS [29], breath samples are collected (with the
support of a small low-flow pump) and are absorbed within glass or stainless-steel tubes
filled with a sorbent material (or a group of sorbent materials) that have the chemical and
physical characteristics required for the trapping of the targeted VOCs of interest. Proton
transfer reaction MS (PTR-MS) [30–35], selected ion flow tube MS (SIFT-MS) [35–38], and
membrane inlet MS (MIMS) [2,39,40] have also been used for the on-line and off-line analy-
sis of VOCs originating from human breath, and the headspace above human biological
fluids or skin, for various applications (biomedical metabolomics, volatilomics, homeland
security, search and rescue, doping screening, etc.). Both PTR-MS and SIFT-MS utilize
soft ionization approaches using reagent ions formed from a plasma source as precursors
for soft ionization. PTR-MS primarily uses H3O+ as the dominant precursor, although
work by Reinecke et al. (2023) also describes the formation of an improved ion source
that can switch between H3O+, O2

+, NO+, and NH4
+ [41]. The newest models of the

SIFT-MS are now capable of rapid switching between eight different reagent ions (H3O+,
OH−, O−, O2

−, O2
+, NO+, NO2

−, and NO3
−) [42]. Both PTR-MS and SIFT-MS allow for

the rapid analysis of samples with low limits of detection (LOD < 1 ppt) [43]. MIMS is
based on a three-stage sample introduction process called pervaporation, during which
sample molecules are absorbed onto the surface of a membrane (usually silicon-based,
e.g., polydimethylsiloxane—PDMS); they diffuse through and then desorb into the vac-
uum system of the mass analyzer for ionization, product-ion separation, and detection.
Recently, high-resolution MS (i.e., Orbitrap-based systems and time-of-flight (TOF) mass
analyzers [44]) coupled to ambient ionization sources, such as direct analysis in real time
(DART) [45], atmospheric pressure chemical ionization (APCI) [8], and secondary elec-
trospray ionization (SESI) [46–48], have been applied to the real-time analysis of human
breath for disease diagnostic purposes. Volatilomics data may be processed for qualitative
purposes, typically using commercial databases such as Wiley or NIST libraries (containing
more than 600,000 chemical compounds with well-characterized EI mass spectral signa-
tures), as well as custom in-house libraries.

Additionally, electronic noses utilize chemical sensors and pattern recognition algo-
rithms to detect VOCs in real time, enabling their application in disease diagnosis, including
the detection of respiratory conditions and metabolic disorders. IMS is another highly
sensitive technique that detects trace levels of VOCs by separating ionized molecules based
on their mobility within an electric field, and it is a technique that may also be used for
rapid breath analysis for disease detection and environmental monitoring. Laser-based
spectroscopy techniques, such as cavity ring-down spectroscopy (CRDS) and tunable diode
laser absorption spectroscopy (TDLAS), offer high sensitivity and selectivity in detecting
gases like nitric oxide (NO), carbon monoxide (CO), and ammonia (NH3), which act as
biomarkers for several disorders. Similarly, Raman spectroscopy may be used to identify
the molecular fingerprints of breath metabolites, making it a promising tool for metabolite
monitoring and disease diagnostics.

To date, breath analysis studies have depended on traditional statistical methods to
identify correlations between specific VOCs and diseases. For example, studies have shown
that elevated levels of certain VOCs (such as benzene, toluene, and ethylbenzene) are
associated with lung cancer, while increased levels of NO suggest the incidence of asthma.
Traditional statistical methods, including regression analysis and principal component
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analysis (PCA), are essential in revealing these correlations. Breath samples, however,
contain hundreds or even thousands of VOCs, many of which may interact non-linearly,
making it often challenging or even unsuitable to use these statistical methods due to the
high dimensionality and complexity of breath data.

The integration of AI, particularly ML, has transformed breath analysis by enabling the
detection of complex patterns in VOC profiles. Supervised learning models such as support
vector machines (SVMs), random forests (RFs), and neural networks (NNs), can accurately
classify breath samples and distinguish between diseased patients (e.g., those with lung
cancer) and healthy controls. Unsupervised learning techniques (including clustering and
dimensionality reduction) assist in identifying patient subgroups and potential biomarkers.
Deep learning (DL) approaches, such as convolutional and recurrent neural networks,
further enhance disease classification by modeling intricate and non-linear relationships
in breath data. These AI-driven techniques advance non-invasive diagnostics, improving
disease detection and prognosis. Despite significant progress in applying ML to breath
analysis, challenges remain, including the lack of standardization in data collection, limited
model interpretability, and the necessity for large, diverse datasets. Many ML models oper-
ate as “black boxes,” complicating the identification of key biomarkers, while most studies
depend on small, homogeneous populations.

This scoping review addresses these gaps by providing a comprehensive overview of
ML applications in breath VOC analysis, highlighting challenges related to data quality,
model transparency, and clinical validation, and proposing future research directions to
enhance clinical integration. Building on these motivations, this review aims to explore
three key areas: first, the main ML and DL techniques currently applied to breath analysis
for disease diagnosis and prognosis; second, how analytical and sensing technologies, such
as GC–MS, PTR–MS, SIFT–MS, and electronic noses, are integrated with ML and DL models
to improve diagnostic performance; and third, the methodological, interpretability, and
standardization challenges that limit the clinical translation of ML-based breath analysis. To
address these objectives, the paper is structured as follows: Section 2 describes the materials
and methods and search strategy; Section 3 presents the main findings categorized by
technology type; Section 4 offers a synthesis and discussion of emerging trends, limitations,
and future perspectives; and Section 5 concludes with a summary of implications for
clinical practice and future research.

1.2. AI in a Nutshell

AI is a multifaceted field dedicated to replicating and enhancing human intelligence
through computational means. It involves developing algorithms and models that enable
machines to perform tasks requiring human cognitive functions (e.g., learning, reasoning,
problem-solving, perception, and language understanding). AI continually evolves by inte-
grating advancements from disciplines such as computer science, statistics, neuroscience,
and cognitive psychology [49]. Within AI, ML focuses on creating algorithms that allow
computers to learn from data and improve over time without the need for any human
intervention in the learning process or any explicit programming for each task [50,51]. DL, a
specialized branch of ML, employs neural networks with multiple layers to model complex
patterns in large datasets. DL has achieved significant success in areas such as image
and speech recognition, natural language processing, and autonomous systems [52–54].
AI methodologies are increasingly utilized across various domains, including healthcare,
finance, transportation, and environmental science, to enhance decision-making, automate
processes, and extract actionable insights from vast amounts of data.

In this study, we reviewed numerous AI techniques used for breath VOC analy-
sis for disease detection and classification. The methods range from traditional ML al-
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gorithms to advanced DL models, each offering distinct advantages. Feature selection
(FS) and engineering—encompassing statistical, ML-based, and dimensionality reduction
techniques—are crucial for refining data inputs, enhancing model accuracy, and minimiz-
ing computational complexity. Table 1 below categorizes and provides brief explanations
of the AI techniques used in breath VOC analysis, facilitating understanding for readers
unfamiliar with AI and ML concepts mentioned in this manuscript.

Table 1. Overview of AI, ML, and Statistical Models used in Breath VOC Analysis.

Type Model Description

M
ac

hi
ne

Le
ar

ni
ng

M
od

el
s Logistic Regression (LR) A simple yet effective model for binary classification; assumes a linear relationship

between features and outcome.

Support Vector Machine (SVM) Finds the best decision boundary in high-dimensional spaces using kernels; effective for
small to medium-sized datasets.

K-Nearest Neighbors (KNN) A non-parametric method that classifies samples based on their closest training examples;
simple but computationally expensive with large datasets.

Decision Tree (DT) A tree-based model that splits data into branches; highly interpretable but prone to
overfitting without pruning.

Naïve Bayes (NB) A probability-based classifier assuming feature independence; works well with
high-dimensional data despite its simplifying assumptions.

En
se

m
bl

e
&

Bo
os

ti
ng

M
et

ho
ds

Random Forest (RF) Constructs multiple decision trees and averages predictions; improves accuracy and
reduces overfitting.

eXtreme Gradient Boosting (XGBoost) A powerful gradient boosting algorithm that sequentially improves weak models; excels in
structured data tasks.

Regularized Random Forest (RRF) Adds regularization to RF, preventing overfitting and improving generalization.

Boosted Generalized Linear Models (BGLM) Enhances standard GLMs with boosting techniques to improve predictive accuracy.

Bayesian Additive Regression Trees (BART) A tree-based ensemble method that models complex interactions probabilistically.

Fe
at

ur
e

Se
le

ct
io

n
&

D
im

en
si

on
al

it
y

R
ed

uc
ti

on

Linear Discriminant Analysis (LDA) A classification technique that projects data onto a lower-dimensional space while
maximizing class separation; useful for well-separated classes.

Partial Least Squares Discriminant Analysis (PLS-DA) Similar to LDA but better suited for high-dimensional and collinear data, often used in
spectral and biochemical analysis.

Sparse Partial Least Squares (sPLS) A variant of PLS that introduces sparsity for better feature selection and interpretability.

Adaptive LASSO A regularization technique that enhances feature selection by penalizing less
important variables.

Orthogonal PLS-DA (OPLS-DA) An improved version of PLS-DA that separates predictive information from uncorrelated
(orthogonal) variation, improving interpretability.

Weighted Discriminative ELM (WDELM) Enhances extreme learning machines by assigning importance weight to features for
better classification.

D
ee

p
Le

ar
ni

ng
(D

L)
&

N
eu

ra
lN

et
w

or
ks

Convolutional Neural Networks (CNN) Designed for spatial data, commonly used in image analysis and pattern recognition in
breath analysis.

Deep Neural Networks (DNN) General multi-layered neural networks capable of modeling complex relationships.

Multilayer Perceptrons (MLP) A type of fully connected feedforward neural network for structured data classification
and regression.

Recurrent Neural Networks (RNN) Designed for sequential data, useful for analyzing time-series breath signals.

Long Short-Term Memory (LSTM) An advanced RNN that captures long-term dependencies in sequential data; well-suited
for time-series analysis.

Gated Recurrent Units (GRU) A computationally efficient alternative to LSTM with similar performance in
sequential tasks.

Autoencoder Neural Networks Used for feature learning and dimensionality reduction in an unsupervised manner.

Hybrid Models (e.g., CNN-XGBoost) Combines deep learning (CNN) with traditional ML (XGBoost) to leverage the strengths of
both techniques.

Transfer Learning Techniques Uses pre-trained deep learning models adapted for specific tasks to improve performance
with limited data.

Graph Convolutional Networks (GCN) Extends CNNs to analyze relationships in graph-structured data, useful for modeling
complex biomedical interactions.

Pr
ob

ab
ili

st
ic

&
Ba

ye
si

an
M

od
el

s

Bayesian Networks (BN) A graphical model that represents probabilistic relationships among variables, allowing
for uncertainty modeling.

Bayesian Additive Regression Trees (BART) A Bayesian tree ensemble method that provides uncertainty estimates alongside predictions.

Fuzzy-based Quantum Neural Networks (F-QNN) Integrates fuzzy logic with quantum computing for complex pattern recognition;
experimental in biomedical applications.
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Table 1. Cont.

Type Model Description

U
ns

up
er

vi
se

d
Le

ar
ni

ng

Principal Component Analysis (PCA) Reduces dimensionality while preserving variance, commonly used for
pattern recognition.

Isolation Forest Algorithm Identifies outliers by isolating anomalies in feature space, useful for detecting rare
disease patterns.

Hybrid Heat Maps Combines clustering techniques with visualization for intuitive representation of
complex datasets.

2. Materials and Methods
This study did not require ethical approval. Following the Joanna Briggs Insti-

tute guidelines, this study was registered on the Open Science Framework (OSF) on
18 February 2025 [55]. The research team conducted the scoping review in accordance
with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension
for Scoping Reviews (PRISMA-ScR) 22-item checklist [56]. This comprehensive set of
guidelines ensured thoroughness, consistency, and transparency throughout the review
process. By adhering to the PRISMA-ScR framework, the study aimed to maintain high
methodological standards, ensure transparent reporting of procedures and findings, and
enhance the overall reliability and validity of the qualitative synthesis.

2.1. Literature Searches

The comprehensive literature search was systematically conducted using the Scopus
and PubMed online databases. In addition to these electronic searches, a manual search
was performed to include records sourced from alternative channels. This dual approach
ensured the comprehensive incorporation of relevant studies (enhancing the review’s
thoroughness and breadth). The specific keywords and search phrases used to query the
online databases are detailed below:

((((((“machine learning”) OR (“deep learning”)) OR (“artificial Intelligence”)) AND
((((“Breath analysis”) OR (VOCs)) OR (“volatile organic compounds”)) OR (“exhaled
breath”))) AND ((diseases) OR (infect*))) AND (((((diagnosis) OR (detection)) OR (progno-
sis)) OR (prediction)) OR (predict*))

The inclusion of “artificial intelligence” and “deep learning” alongside “machine
learning” in the search terms was deliberate, as DL represents a specialized subset of ML,
while AI encompasses broader computational approaches used in diagnostic modeling.
This inclusive strategy ensured that all relevant studies applying intelligent algorithms to
breath analysis were captured.

2.2. Eligibility Criteria
2.2.1. Inclusion Criteria

The authors focused exclusively on articles published in peer-reviewed academic
journals to ensure the quality and reliability of the included studies. The literature review
was conducted from 1 January 2018 to 18 February 2025, capturing the most recent ad-
vancements and research developments in the field. The review explicitly targeted studies
that analyzed breath VOCs using AI tools for diagnosing or prognosticating diseases. By
narrowing down the inclusion criteria in this manner, the review aims to focus on research
that integrates AI methodologies with breath VOCs analysis, thereby providing relevant
and up-to-date insights into this specialized area of study.

2.2.2. Exclusion Criteria

Given the rapid progress in big data analytics, the substantial increase in available data,
and the widespread use of AI tools in recent years, this review excludes articles published



Information 2025, 16, 968 7 of 42

before 2018 to maintain relevance and focus on contemporary developments. Additionally,
several specific types of publications and studies were omitted to streamline the review
process and ensure the inclusion of pertinent research. These exclusions encompassed
conference proceedings (which often present only preliminary findings) as well as papers
not written in English (to maintain linguistic consistency and comprehensibility). Studies
that did not involve breath analysis, used non-human subjects, applied non-ML techniques,
or focused on tasks unrelated to diagnosis or prognosis were also excluded as they fall
outside the scope of this review. Furthermore, review articles were excluded to prevent
redundancy, and any studies with inaccessible full texts were omitted to ensure that all
included research could be thoroughly evaluated and analyzed.

The inclusion and exclusion criteria follow established practices from recent scoping
and systematic reviews in biomedical AI research [52,53], which similarly restricted studies
by date range, human subjects, and peer-reviewed publication status to ensure relevance,
methodological rigor, and comparability across studies.

2.3. Data Extraction

The data extraction process was meticulously conducted by two independent review-
ers (designated as C.K. and S.M.), who collaborated to screen the titles, abstracts, and
full-text versions of the selected studies, ensuring comprehensive coverage and accuracy.
Initially, all identified studies were imported into a spreadsheet to facilitate the system-
atic removal of duplicate records, thereby streamlining the dataset for further analysis.
Following this, the reviewers conducted a detailed screening of titles and abstracts to
identify articles that generally met the established inclusion criteria, filtering out those
that were irrelevant or did not align with the study’s focus. In instances of uncertainty
or disagreement regarding the relevance of a particular study, C.K. and S.M. engaged in
discussions to reach a consensus, ensuring that only studies with clear and relevant contri-
butions were included. Ultimately, studies were incorporated into the qualitative synthesis
if they met a comprehensive set of specific requirements. These requirements encompassed
various aspects, such as the application domain, the technological approaches used, the
nature and type of data analyzed, the number of subjects involved in the study, the ML
models employed, the validation methods applied, and the key findings reported. This
rigorous data extraction process ensured that the final selection of studies was relevant and
methodologically sound, providing a solid foundation for the qualitative synthesis.

3. Results
Following an initial online search, a total of 524 articles were identified after excluding

duplicate entries. A subsequent detailed review of the titles and abstracts narrowed this
collection down to 144 potentially relevant studies. After applying the specific inclusion
criteria, 97 articles met the requirements and were selected for qualitative synthesis. The
entire screening process is illustrated in Figure 1, which adheres to the PRISMA-ScR
guidelines for systematic reviews.

All the identified studies employed ML techniques for the diagnosis and prognosis of
diseases based on the analysis of VOCs in breath. Studies were excluded if they: (i) used
only traditional statistical approaches, (ii) did not involve breath analysis, or (iii) did not
conduct original quantitative research. The studies included in this scoping review were
categorized into four technological groups based on the techniques applied: (a) sensors,
(b) spectrometric techniques, (c) spectroscopic techniques and (d) gas chromatography.
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Figure 1. Workflow diagram of screening methodology.

3.1. Sensors

This section provides a comprehensive overview of studies employing eNose sensors
and other sensor technologies for breath analysis.

3.1.1. Electronic Noses

This subsection provides a structured overview by organizing studies according to
disease type, highlighting the application of eNose sensors in breath analysis for various
medical conditions.

Studies related to diabetes focused primarily on distinguishing diabetic patients from
healthy controls based on specific breath markers. Gudiño-Ochoa et al. (2024) employed
an e-Nose with 7 MOS sensors to detect diabetes using breath analysis [57]. A total of
10,000 data points were obtained from 22 healthy subjects (HS) and 22 patients with diabetes
(T1DM or T2DM). FS was performed using a univariate feature selection algorithm and
PCA. The XGBoost mode achieved a remarkable accuracy of 95%. Similarly, Bhaskar
et al. (2023) used an e-Nose with a TGS 1820 sensor (Figaro Engineering Inc, Mino, Osaka,
Japan) to detect acetone levels in 70 diabetic and 82 healthy individuals [58]. With PCA for
dimensionality reduction and a deep learning CORNN model combined with SVM, the
study reported an accuracy of 98.02%.

In the context of COVID-19, several studies effectively utilized eNoses to identify
infected patients based on distinct breath signatures. Li et al. (2023) used an e-Nose
system with 64 chemically sensitive nanomaterial sensing elements to analyze the breath
of 32 COVID-19-positive (COV+) and 31 COVID-19-negative (COV–) individuals [59].
Using an SVM for classification, the leave-one-out (LOO) validation approach yielded
an accuracy of 79%. Doğuç et al. (2023) employed an e-Nose with five air sensors to
classify COVID-19 cases from a dataset of 84 negatives and 58 positives [60]. Using
gradient-boosted tree algorithms, they achieved 96% accuracy, 95% recall, and 96%
precision. Snitz et al. (2021) utilized a PEN3 e-Nose with 10 different thermo-regulated
MOS [61]. Using an LSTM model, they obtained a 66.7% Mean TPR in the detection of
SARS-CoV-2. Wintjens et al. (2021) [62] also applied an e-Nose with three MOS sensors
for COVID-19 detection. Breath samples from 57 COV+ and 162 COV– individuals were
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analyzed, with ANN, RF, and LR classifiers achieving a sensitivity of 0.86 and a negative
predictive value (NPV) of 0.92, which further improved to 0.96 when combined with
clinical variables using LR [62].

For lung cancer (LC), eNose-based studies have mainly aimed to distinguish lung
cancer patients from healthy controls through unique VOC signatures. Binson et al. (2021)
utilized an e-Nose system with five metal oxide semiconductor sensors for LC detection,
reporting an accuracy of 79.31% using XGBoost (R package version 0.4-2) [63]. Furthermore,
Binson et al. (2021) used an e-Nose with five chemical gas sensors and a KNN classifier,
achieving an accuracy of 91.3% for the same task [64]. In the most recent study, Binson
et al. (2024), using LDA, achieved the highest accuracy of 93.14% and an AUC of 0.98,
outperforming the previous studies [65]. Another study by Zhao et al. (2021) analyzed 84
LC patients and 40 controls using an e-Nose with 20 gas sensor arrays [66]. The WDELM
model achieved an accuracy of 88.71% with leave-one-out cross-validation (LOOCV). In the
same task, Lee et al. (2021) employed a D2pNose system and a CNN classifier and reported
a classification success rate for LC of over 86% [67]. Kononov et al. (2019) applied an e-Nose
with 6 MOS sensors for LC detection [68]. Using LR for classification, the model achieved
97.2% accuracy. Huang et al. (2018) used the Cyranose320 e-Nose system (Sensigent,
Baldwin Park, CA, USA), composed of 32 CP sensors, to detect LC [69]. An AUC of 0.90 on
external validation was achieved using a non-linear SVM.

For asthma detection, studies primarily aimed to distinguish asthmatic subjects
from healthy individuals based on distinctive patterns in breath profiles. Rivai et al.
(2024) used an e-Nose system with seven gas sensors to differentiate 30 asthmatic subjects
from 30 healthy individuals [70]. Using DL techniques, such as CNN, the study achieved
an accuracy of 97.8% [70]. Abdel-Aziz et al. (2020) employed the SpiroNose platform
with seven MOS sensors to analyze breath from 655 participants across four cohorts,
including children and adults with asthma [71]. The study applied GMB for FS and
unsupervised learning of the BNs, achieving an ROC-AUC of 0.72. In another study,
Aulia et al. (2023) used an e-Nose with 7 sensors and a 1D-CNN, reporting an accuracy
of 96.6% [72].

In chronic obstructive pulmonary disease (COPD)-related research, eNose sensors
have been extensively utilized to differentiate COPD patients from healthy controls and
patients with other pulmonary conditions. Aulia et al. (2024) employed an e-Nose system
with 20 gas sensors for COPD detection, achieving an accuracy of 97.5% using a GCN
for classification [73]. In comparison, Binson et al. (2021) used an e-Nose system with
five metal oxide semiconductor sensors, achieving an accuracy of 76.67% with the XG-
Boost classifier [63]. Furthermore, Binson et al. (2021) implemented an e-Nose with five
chemical gas sensors and an SVM classifier, achieving a higher accuracy of 90.9% for the
same task [64]. Peng et al. (2024) assessed lung health using an e-Nose equipped with
eight sensors (WOLF Breath E-nose, Warwick, UK), analyzing 20 COPD patients, four
smokers, and 10 healthy individuals [74]. By utilizing Shapley Additive Explanations
(SHAP) and PPSDE, they accomplished an accuracy of 96.41%.

Various other diseases have also been studied using eNose systems, showcasing their
potential applicability across multiple clinical scenarios. Tozlu et al. (2025) examined
psoriasis diagnosis with an e-Nose featuring 22 gas sensors, incorporating demographic,
lifestyle, and physical attributes information alongside 60,000 data points per sensor [75].
By employing Gradient Boosting and ExtraTreesClassifier, they achieved an accuracy rate
of 96.1%. Jian et al. (2024) investigated urinary bladder cancer (UBC) diagnosis utilizing
SEM and ATR-FTIR to analyze Polyaniline (PANI) thin films [76]. Using TC-Sniffer, which
integrates CNNs and Transformers, they attained an accuracy of 92.95%. Gómez et al.
(2024) explored prostate cancer detection via an e-Nose with 15 gas sensors to analyze
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breath and urine, along with an e-Tongue for urine analysis [77]. By applying an SVM
classifier, they reached an accuracy of 97.35%.

Ghani et al. (2023) utilized an e-Nose for the early detection of lung disorders,
employing an LSTM classifier and achieving an accuracy of 93.59% [78]. Dokter et al.
(2023) investigated the use of an e-Nose system (The eNose Company, Zutphen, The
Netherlands) with three metal oxide semiconductor (MOS) sensors for diagnosing cervical
high-grade squamous intraepithelial lesions (HSIL) [79]. Using an RF classifier and leave-
10%-out cross-validation, they reported a sensitivity of 88%, a specificity of 92%, a positive
predictive value (PPV) of 92%, and a negative predictive value (NPV) of 89%. Ketchanji
Mougang et al. (2023) employed an e-Nose with 11 quartz crystal microbalance sensors for
tuberculosis detection, achieving an accuracy of 88%, a sensitivity of 90.8%, a specificity
of 85.7%, and an area under the curve (AUC) of 0.88 using an LDA classifier [80]. Xuan
et al. (2022) utilized an e-Nose with 16 organic nanofiber sensors to detect silicosis among
221 silicosis miners and 398 non-silicosis miners [81]. By employing multiple classifiers,
including RF, XGBoost, KNN, and SVM, the study reported accuracy ranges of 81.7% to
98.7%. Malikhah et al. (2022) used an e-Nose system with five semiconductor gas sensors to
detect viral respiratory infections, achieving an accuracy of 94.0% with the fully connected
deep convolutional network (FDCN) [82]. Lastly, Binson et al. (2021) worked on detecting
pulmonary diseases, achieving accuracies of 91.74% for LC, 89.84% for COPD, and 70.66%
for asthma diagnosis using kernel principal component analysis (KPCA) and the XGBoost
classifier [83]. Table 2 summarizes the studies utilizing electronic noses for breath analysis
in disease diagnostics.

Table 2. Studies using electronic noses.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Best Machine

Learning Validation Best Results

Tozlu et al. [75] 2025 Diagnosis of
Psoriasis 22 gas sensors 143 with psoriasis

and 120 HS (BS: 263)
Gradient
Boosting ExtraTreesClassifier Hold-out

(80/20%) 96.1% Acc

Jian et al. [76] 2024

Diagnosis of
urinary

bladder cancer
(UBC)

SEM and
ATR-FTIR

analyzed PANI
thin films in an

e-Nose.

76 with UBC and
18 healthy -

TC-Sniffer, which
incorporates CNNs
and Transformers

Training (80%)/
Testing (20%) 92.95% Acc

Gómez
et al. [77] 2024 Detection of

prostate cancer 15 gas sensors 66 patients and
47 controls

PCA and
discriminant

function
analysis (DFA)

SVM 5-fold CV 97.35% Acc

Binson
et al. [65] 2024 Detection

of LC 5 MOS sensors 22 with LC and
40 HS (BS: 248)

Dimensionality
reduction
with PCA

LDA 5-fold CV
93.14% Acc
and AUC

of 0.98

Peng et al. [74] 2024 Evaluation of
lung health

e-Nose equipped
with 8 sensors

20 with COPD,
4 smokers, and
10 HS (BS: 68)

SHAP PPSDE 5-fold CV 96.41% Acc

Gudiño-Ochoa
et al. [57] 2024 Detection of

Diabetes
e-Nose equipped

with 7 MOS
22 HS and 22 T1DM

or T2DM (BS: 44)

Univariate
FS algorithm

and PCA
XGBoost Hold-out

(55/45%) 95% Acc

Aulia et al. [73] 2024 Detection of
COPD

e-Nose with 20
semiconductor

gas sensors

30 healthy and 40
with COPD (BS: 70) PCA GCN 5-fold CV 97.5% Acc

Rivai et al. [70] 2024 Detection of
Asthma

e-Nose with
7 gas sensors

30 healthy and 30
asthmatic suspects

(BS: 360)

RF, XGBoost,
SVM, PCA,

Firefly algorithm
1D-CNN k-fold CV 97.8% accuracy

for CNN

Aulia et al. [72] 2023 Detection of
Asthma

e-Nose with
7 sensors

60 subjects: 30 HS,
10 controlled asthma,
10 partly controlled
asthma, 10 uncon-

trolled asthma.

Genetic
Algorithm
with SVM

1D-CNN Stratified
5-fold CV

96.6% acc,
96.1% pre,

95.5% recall,
and 95.6%
F1-score

(1D-CNN)

Bhaskar
et al. [58] 2023 Detection of

Diabetes
e-Nose with TGS

1820 sensor
70 diabetes and

82 HS -
Deep hybrid

CORNN model
with SVM

152 samples
for validation 98.02% Acc
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Table 2. Cont.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Best Machine

Learning Validation Best Results

Ghani
et al. [78] 2023

Early
Detection of

Lung
Disorders

e-Nose
(16 sensors)

594 subjects
analyzed: 186 HS,

207 COVID-19
infected, 201 with

other lung infections.

IG and SUFS
algorithms LSTM Hold-out

(80/10/10%)

93.59% acc,
89.59% sen,

94.87% spe and
0.96 AUC

Doğuç
et al. [60] 2023 Diagnosis of

COVID-19
e-Nose with
5 air sensors

84 cases in
negatives, and 58
cases resulted in

positives (BS: 294)

-
Gradient Boosted

Trees Learner
Algorithm

Hold-out:
90/10% and

75/25%.

96% Acc,
95% recall and
96% precision

Ketchanji
Mougang
et al. [80]

2023
Diagnosis of
Tuberculosis

(TB)
11 QMB

46 TB, 38 CON, and
16 TB suspects

(BS: 100)
PCA LDA Hold-out

(70/30%)

88% Acc, 90.8%
Sen, 85.7% Spe,

AUC of 0.88

Li et al. [59] 2023 Detection of
COVID-19

e-Nose: 64
chemically

sensitive nanoma-
terial sensors.

32 COV+ and
31 COV– subjects

(BS: 63)
PCA LG and SVM LOO 79% Acc

Dokter
et al. [79] 2023 Diagnosis of

Cervical HSIL
e-Nose contains

3 MOS

25 patients with
HSIL and a group of

26 controls
- RF L-10%-OCV

88% Sen, 92%
Spe, 92% PPV,

89% NPV

Xuan et al. [81] 2022
Diagnosis and
early detection

of Silicosis

e-Nose with
16 organic

nanofiber sensors

398 non-silicosis
miners and
221 silicosis

miners/Early
detection model:

85 patients in
stage I as cases,

398 non-silicosis

Linear
regression/

PCA/PLS-VIP
analysis

RF, XGBoost, KNN
and SVM 5-fold CV 81.7–98.7% Acc

Malikhah
et al. [82] 2022

Detection
of Viral

Respiratory
Infections

e-Nose consisting
of 5 semiconductor

gases

353 negative &
306 positive data

(BS: 659)

Statistical
parameters

FDCN
FDCN Stratified

5-fold CV

94.0% acc,
96.7% sen and

91.5% spe

Lee et al. [67] 2021 Diagnosis
of LC D2pNose 31 HS and 31 LC

(BS: 558)

t-SNE, Neural
pattern

separation,
HCA

CNN Hold-out
(80/20%)

>75%
diagnostic

success, >86%
classification

success.

Binson
et al. [83] 2021

Detection/
Classification
of Pulmonary

Diseases

e-Nose with
8 sensors

48 LC, 52 COPD, 55
asthma and 63 CON

(BS: 218)
KPCA XGBoost 3-fold CV

LC: Acc: 91.74%
COPD:

Acc: 89.84%
Asthma:

Acc: 70.66%,

Zhao et al. [66] 2021 Detection
of LC

eNose with
20 gas sensor
arrays with

conformal gas
chambers

84 LC and 40 CON
(BS: 124)

TRC algo-
rithm/PCA WDELM LOOCV 88.71% Acc

Binson
et al. [63] 2021 Detection of

COPD and LC

e-Nose
system with

5 metal oxide
semiconductor-
type gas sensors

93 controls,
55 COPD patients,
and 51 LC patients

(BS: 199)

KPCA XGBoost Hold-out
(80/20%)

79.31%
acc (LC) and

76.67%
acc (COPD)

Binson
et al. [64] 2021

Detection of
COPD and

Lung Cancer

e-Nose with five
chemical

gas sensors

32 LC, 38 COPD
patients, and 72
CON (BS: 142)

PCA KNN, SVM k-fold CV

LC (KNN):
Acc 91.3%

COPD (SVM):
Acc 90.9%

Snitz et al. [61] 2021 Detection of
SARS-CoV-2

PEN3
e-Nose with
10 different

thermo-
regulated MOS

503 individuals of
whom 27 were

positive (BS: 503)
PCA LSTM LOOCV ×

500 times
66.7%

Mean TPR

Wintjens
et al. [62] 2021

Diagnosis/
Detection of
SARS-CoV-2

e-Nose with 3
microhotplate

MOS

219 subjects:
57 COVID-19
positive, 162
COVID-19
negative.

- LR L-10%-OCV NPV: 0.96

Abdel-Aziz
et al. [71] 2020 Diagnosis of

Asthma

eNose platform
with 4 differently

developed
e-Noses and
SpiroNose

(7 MOS sensors)

601 adults/
school-aged children

with asthma,
54 preschool children

with wheezing
(4 cohorts).

- GBM/Unsupervised
learning of the BNs

Hold-out
(75/25%) ROC of 0.72
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Table 2. Cont.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Best Machine

Learning Validation Best Results

Kononov
et al. [68] 2019 Diagnosis

of LC

e-Nose
multisensory

system consisting
of 6 MOS

65 with LC and 53
HS (BS: 118)

PCA/Sensor
importance

observed in the
RF and LR
classifier

LR Hold-out
(70/30%)

95.0% sen,
100.0% spe,
97.2% Acc

Huang
et al. [69] 2018 Detection

of LC

E-nose
Cyranose320: 32
nanocomposite

conducting
polymer sensors.

56 LC and 188
non-tumor

resections (BS: 244 x
10 times)

PCA LDA and
non-linear SVM

Hold-out
(80/20%);
external

validation
(n = 41).

AUCs of
0.91 by LDA
and 0.90 by

SVM (external
validation)

3.1.2. Other Sensors

This subsection categorizes studies by disease type and summarizes how various
sensor technologies have been applied for breath-based disease detection.

Multiple studies have utilized sensors to diagnose and predict COPD. Mahdavi et al.
(2024) employed STMS techniques, achieving an accuracy of 80.6% using a linear SVM
classifier after feature analysis [84]. Karthick et al. (2023) developed an IoT-Spiro system
with gas sensors and a hybrid F-QNN model, reporting a high accuracy of 96% [85]. Avian
et al. (2022) incorporated an 8-sensor gas device with kernel PCA in combination with
several ML classifiers (KNN, DT, LDA, NB, RF, SVM, CB, GB, LGBM, and CNN) and
achieved an impressive F1 score of 0.933 [86]. Lastly, El-Magd et al. (2024) utilized transfer
learning techniques with pre-trained CNNs such as GoogleNet, achieving a remarkable
100% test accuracy [87]. Furthermore, Suresh et al. (2022) developed a system for predicting
COPD, asthma, tuberculosis, and other diseases related to energy expenditure, achieving
100% accuracy with VOC sensors [88]. This comprehensive approach demonstrates the
potential of breath-based diagnostics for a wide range of conditions.

Colorectal cancer (CRC), gastric cancer (GC), and LC studies have demonstrated sensor
effectiveness by successfully identifying malignancies through distinct breath VOC patterns.
Pol,aka et al. (2023) leveraged a breath analyzer with 73 sensors, analyzing 280 features to
differentiate colorectal cancer patients [89]. The study reported an accuracy of 79.3% with
an RF classifier, although sensitivity (53.3%) was notably lower than specificity (93.0%).
Polaka et al. (2022) used a breath analyzer with gold nanoparticles and MOS sensors to
detect gastric cancer, achieving a sensitivity of 66.54% and a specificity of up to 92.39%
with an NB classifier [90]. Pérez-Sánchez et al. (2021) used miRNA analysis for lung cancer,
achieving a perfect AUC of 1.0 for predicting clinical outcomes [91]. Lee et al. (2024) applied
a multimodal gas sensor with a 1D CNN, reporting a sensitivity of 98.9% and an AUC of
0.978 [92]. Lekshmy et al. (2024) explored gas sensors detecting carbon monoxide, acetone,
and benzene, achieving an accuracy of 89.39% [93].

Multiple sensor types and ML classifiers have been successfully applied to COVID-19
detection. Nurputra et al. (2022) [94] and Hidayat et al. (2022) [95] both utilized the GeNose
C19 system, a device equipped with chemo-resistive MOS sensors, achieving accuracies
ranging from 86% to 95% (depending on the classifier used). Shan et al. (2020) employed a
nanomaterial-based hybrid sensor array, achieving 95% accuracy in differentiating COVID-
19 patients from others with lung infections [96].

Studies addressing additional respiratory and metabolic diseases utilized various
sensor technologies with strong performance outcomes. Van der Sar et al. (2023) applied
SpiroNose with MOS sensors to diagnose pulmonary sarcoidosis, achieving an accuracy of
87.1% and an AUC of 91.2% [97]. Bhaskar et al. (2024) utilized calibrated MOS gas sensors
for ammonia detection in kidney disease patients, achieving 98.37% accuracy using a CNN-
CatBoost model [98]. Diabetes detection was explored by Bhaskar et al. (2024) [99] and
Lekha et al. (2018), using acetone and MQ-series gas sensors, respectively, achieving accu-
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racies ranging from 97.14% to 98% [100]. Baedorf-Kassis et al. (2023) analyzed ventilator
waveforms using AI and NNs like ResNet for acute respiratory distress syndrome (ARDS),
achieving excellent specificity (>95%) and high F1 scores (>75%) [101]. Wijbenga et al.
(2023) employed SpiroNose combined with multivariate LR and dimensionality reduction
techniques, attaining a high AUC of 0.94 for chronic lung allograft dysfunction (CLAD)
when additional risk factors were incorporated [102]. Table 3 summarizes all the studies
that used sensing technologies for breath analysis in disease diagnostics.

Table 3. Summary of studies using various sensing technologies.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering/
Machine
Learning Validation Results

Mahdavi
et al. [84] 2024 COPD STMS

34 HS and
33 with COPD

(BS: 67)

PCA, F-score,
MI regression,

recursive feature
elimination (RFE),

tree-based.

Linear SVM LOOCV
80.60% Acc,

78.79% Sen, and
82.35% Spe

Lee
et al. [92] 2024 LC

Multimodal gas
sensor (SENKO,

Korea) (10 SMO +
1 PID + 9 EC
gas sensor)

74 HS and
107 LC

(BS: 181)
- 1D CNN 5-fold CV

98.9% sen, 96.2%
spe, and 0.978

AUC of

Lekshmy
et al. [93] 2024 LC 3 gas sensors

Pneumonia,
TB, and

COVID-19
pneumonia

- SVM

89.39% Acc,
96.6% Sen,

81.29% Spe,
96.4% AUC

Bhaskar
et al. [98] 2024 Kidney disease

Calibrated TGS
826 sensor, Tin dioxide
(SnO2), MOS material,

integrated heating
element.

82 kidney
patients and

102 HS
(BS: 184)

- CNN-CatBoost k-fold CV 98.37% acc

Bhaskar
et al. [99] 2024 Type-2

diabetes
TGS 1820 acetone

gas sensor

112
non-diabetic

and 98 diabetic
patients with

type 2 diabetes

CNN for feature
extraction as

proposed
methodology, PCA

and SVD

CNN-XGBoost k-fold CV 97.14% Acc

El-Magd
et al. [87] 2024 COPD 8 sensors that

analyzed exhaled air

COPD 51%,
SMOKERS

11%, CON 25%
and 13% Air

(BS: 78)

Feature extraction
based on

pre-trained CNN.
The CNNs are

ResNet 18, ResNet
34, Resnet 50,
AlexNet, and
GoogleNet.

Transfer learning
techniques based

on DNNs,
5 pre-trained

CNNs +
Interpretation by

Case-Based
Reasoning

Hold-out
(90/10%)

with internal
splitting in
Hold-out
(80/20%)

GoogleNet: Up to
100% test
accuracy,

outperformed
other pre-trained

CNNs.

Baedorf-
Kassis
M.D

et al. [101]

2023 ARDS

Stand-alone research
device that extracts
waveforms directly
from the ventilator

(Memorybox—
Hamilton Medical;

Bonaduz,
Switzerland)

28 patients
(BS: 133, 244
breaths were

manually
analyzed, with
8718 manually
identified as

reverse-
triggers)

- Resnet Leave-
p-out CV 90.5% Acc

Wijbenga
et al. [102] 2023 CLAD

SpiroNose with seven
cross-reactive

metal-oxide semicon-
ductor sensors.

114 non-CLAD
and 38 CLAD

(BS: 152)
PLS-DA LR and

multivariate LR

Training set
with internal
10-fold CV

and
validation
set were

divided by a
ratio of 2:1

Improved model
(with Risk

Factors): AUC
0.94 (p = 0.04)
BOS vs. RAS:

AUC 0.95
Other

phenotypes:
AUCs ranging
from 0.50–0.92
CLAD Stages:

AUC 0.56

Karthick
and

Panka-
javalli

[85]

2023 COPD IoT-Spiro System with
an array of gas sensors

150 HS and
150 COPD
(BS: 300)

Hybrid GBB-BC
algorithm, GA, PSO,

BBA
F-QNN 10-fold CV 96% acc
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Table 3. Cont.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering/
Machine
Learning Validation Results

Pol,aka
et al. [89] 2023 Colorectal

Cancer
A table-top breath

analyzer (73 sensors)

105 with CRC
and 186 CON

(BS: 291)

Forward selection:
evolutionary

algorithm or greedy
stepwise approach.

RF Hold-out
(50/50%)

79.3% Acc, Sen
53.3%, Spe 93.0%
and 0.734 AUC

ROC

van der
Sar

et al. [97]
2023 Sarcoidosis

SpiroNose contains
7 different metal oxide

semiconductor sen-
sors (Breathomix,

Leiden, The
Netherlands)

Pulmonary
sarcoidosis: 224;
other interstitial

lung dis-
eases: 317.

PCA for
dimensionality
reduction and

chi-squared for FS

k-NN, LDA, NN,
RF, and SVM

10-fold CV
within a

5-fold CV

87.1% Averaged
Acc and AUC of

91.2%. RF
showed the
highest CVA

of 87.6%

Nurputra
et al. [94] 2022 COVID-19

GeNose C19: 10 metal
oxide semiconductor

gas sensors.

43 positive and
40 negatives
(BS: 615 (330
positive and
285 negative
COVID-19))

-
LDA, SVM,

stacked MLP,
and DNN

Hold-out
(70/30%)

88–95% Acc,
86–94% Sen, and

88–95% Spe

Avian
et al. [86] 2022 COPD E-Nose Devices

(8 gas sensors)

COPD
20 subjects,

4 SMOKERS
and 10 CON

(BS: 68)

KPCA with radial
basis function as

kernel

KNN, DT, LDA,
NB, RF, SVM, CB,

GB, LGBM
and CNN

3-fold CV
and

5-fold CV

KPCA
contributed to the

increasing
performance of
some classifiers

with average
F1-Score of 0.933

Hidayat
et al. [95] 2022 COVID-19

GeNose C19 with
10 chemoresistive
MOS gas sensors

nP = 230 and
nN = 230
subjects
(BS: 460)

HAC and
permutation feature

importance

Extra-tree
classifier

5-fold CV ×
10 times

86% Acc, 88%
Sen, 84% Spe

Polaka
et al. [90] 2022 GC

Breath analyzer with
gold nanoparticle

and MOS

54 GC and
85 CON (BS: 139)
(JLM Innova-
tion GmbH)

Information Gain,
ReliefF, and
symmetrical
uncertainty

NB
Hold-out
(80/20%)

× 1000 times

77.8% acc, up to
66.54% sen, up to

92.39% spe.

Suresh
et al. [88] 2022

DCOPD,
asthma,

tuberculosis,
cystic fibrosis,

obesity-related
diseases,
energy

expenditure
disorders.

AGS02MA gas sensor 108 PCA

SVM for
diagnosis and

Linear
Regression for

prediction

10-crease
cross-

approval
strategy, and

LOOCV

100% accu-
racy, 97.5% pre-
sentation accu-

racy (2 misclassi-
fications).

Pérez-
Sánchez
et al. [91]

2021 LC

miRNeasy
Serum/Plasma Kit

and GeneChipR
miRNA 4.0 Array
using A ffymetrix

technology (Qiagen,
Hilden, Germany)

21 HS and 21
LC (BS: 42)

PCA, Variable
importance by RF

(Affymetrix,
Sunnyvale, Santa
Clara, CA, USA)

RF LOOCV

Lung
Adenocarcinoma

vs. Squamous
Cell Carcinoma:

AUC 0.98;
Predicting Lung
Cancer Outcome

(500 Days):
AUC 1.0,

Spe 100%.

Shan
et al. [96] 2020 COVID-19 Nanomaterial-Based

Hybrid Sensor Array

49 COVID-19,
58 HS, and

33 non-COVID
(printed
sensors:

SCIENION
AG, Berlin,
Germany)

- Linear DFA and
quadratic DFA

Hold-out
(70/30%)

Patient vs.
Control

Accuracy: 76%
COVID-19 vs.
Other Lung
Infections

Accuracy: 95%

Lekha
et al. [100] 2018 Diabetes MQ-3 and

MQ-5 sensors

11 HS, 5 type
1 diabetics and
9 type 2 diabetics
(BS: 25) (Han-

wei Electronics)

Kernel filter weight
and then down-

sampling through
max-pooling,

SVD, PCA

1-D CNN LOOCV Up to 98% Acc

3.2. Spectrometric Techniques
3.2.1. Mass Spectrometry

Several studies have utilized mass spectrometry techniques to diagnose and dif-
ferentiate respiratory-related conditions. Fan et al. (2024) employed HPPI-TOFMS to
diagnose bronchiectasis using breathomic features from 57 compounds collected from
215 patients with bronchiectasis and 295 controls [103]. Rigorous profile analysis excluded
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non-significant and highly correlated compounds, yielding 10 key features. Various classi-
fiers, including RF, LR, XGB, KNN, and DT, were combined into a soft voting ensemble. The
study reported an AUC of 0.940, with 90.7% sensitivity, 85% specificity, and 87.4% accuracy
on the testing dataset using the RF classifier. Roquencourt et al. (2023) targeted COVID-19
diagnosis using real-time proton transfer reaction time-of-flight mass spectrometry [104].
With PCA and backward RFE for feature selection, RF was used for classification, achieving
an AUC of 0.961 (with 98% sensitivity and 74% specificity). Similarly, Liangou et al. (2021)
aimed to detect COVID-19 using PTR-ToF-MS and multiple models, including GBMs,
reporting 81.2% accuracy. Grassin-Delyle et al. (2021) [105] critically differentiated between
COVID-19 patients and non-COVID-19 ARDS cases using elastic net, RF, and SVM mod-
els, achieving accuracies ranging from 89% to 93% [106]. Weber et al. (2023) aimed to
distinguish allergic asthma using SESI-HRMS, analyzing 375 significant mass-to-charge
features [107]. Boruta was applied for FS, and SVMs achieved an accuracy of 78% and
an AUC of 0.83. Fu et al. (2023) utilized real-time HPPI-TOFMS for the detection of pul-
monary tuberculosis [108]. The breathomics-based model achieved an AUC of 0.975, with
92.6% accuracy, 91.7% sensitivity, and 93.0% specificity. For distinguishing TB from other
pulmonary diseases, the model achieved an AUC of 0.961, with an accuracy of around
91.2%. Rai et al. (2022) used FT-ICR-MS specifically for lung cancer diagnosis, achieving
92% accuracy using SVM-RFE. Similarly, Tsou et al. (2021) [109] targeted LC detection with
SIFT-MS, reporting an accuracy of 89% (with a sensitivity of 82% and a specificity of 94%)
with XGBoost [110]. Butcher et al. (2018) also attempted LC detection with SIFT-MS but
achieved lower accuracies of 56% to 74% with MLPs and clamped-ESNs [111]. Chen et al.
(2019) utilized high-resolution orbitrap mass spectrometry specifically for tuberculosis
detection, identifying optimal segregation features near the positive ion mode at 300 [112].

Several studies have applied MS techniques specifically to detect and monitor chronic
metabolic and cognitive diseases. Zhang et al. (2024) utilized HPPI-TOFMS to diagnose
and monitor breast cancer progression in a cohort of 937 patients and 1044 controls [113].
Following a four-step VOC product ion filtering process, the optimal features were analyzed
using RF, LR, and XGB. The study achieved a sensitivity of 85.9%, a specificity of 90.4%, and
an AUC of 0.946. For progression, the AUC values were 0.840 for lymph node metastasis
and 0.708 for TNM staging differentiation. Mustafina et al. (2024) specifically targeted cystic
fibrosis detection by employing PTR-TOF-MS to analyze breath samples from 102 cystic
fibrosis patients and 97 controls [114]. By utilizing LASSO LR and XGBoost, the study
achieved AUCs of 0.988 and 0.975 for forced expiratory maneuvers and quiet breathing,
respectively. Sensitivities ranged from 88.7% to 93.8%, while specificities ranged from
91.2% to 96.1%. Jiao et al. (2023) aimed to detect cognitive dysfunction using HPPI-TOFMS
among 263 patients and 263 controls [115]. A statistical feature selection approach identified
relevant features, and classifiers including RF, SVM, LR, XGB, KNN, and DT achieved an
AUC of 0.876.

Additional studies have utilized MS techniques to effectively differentiate between
liver diseases and psychiatric conditions. Miller-Atkins et al. (2020) applied SIFT-MS to
distinguish liver diseases from pulmonary hypertension, achieving 85% classification accu-
racy using RF [116]. Notably, the sensitivity for detecting hepatocellular carcinoma (HCC)
was 73%, outperforming AFP tests. Henning et al. (2023) aimed to differentiate psychiatric
disorders (schizophrenia and major depressive disorder) using proton transfer-reaction
mass spectrometry [117]. Logistic regression and the BART algorithm achieved accuracies
of 76.8% for MDD versus healthy controls, 83.6% for schizophrenia versus healthy controls,
and 80.9% for MDD versus schizophrenia. Table 4 summarizes all the studies that employed
MS-based methodologies for breath analysis in disease diagnostics.
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Table 4. Studies using mass spectrometry.

Author Year Application
Domain

Breath
Analysis

Technique
Subjects Feature Engineering Machine

Learning Validation Results

Fan
et al. [103] 2024 Bronchiectasis HPPI-TOFMS 215 with BE and 295

CON (BS: 510)

Non-significant features
excluded; correlated
compounds removed
(>0.9). RF model ran

100 times;
top 10 features retained.

RF Hold-out
(50/20/30%)

AUC of 0.940,
90.7% sen,

85% spe, and
87.4% acc

Zhang
et al. [113] 2024 Breast

Cancer HPPI-TOFMS
937 women with BC

and 1044 CON
(BS: 1981)

VOC ions filtered in four
steps: exclusion (p > 0.05),
removal (correlation > 0.9),
elimination (AUC < 0.5 via
adversarial learning), and

RF-based selection.

RF, LR, XGB Hold-out
(50/20/30%)

Sensitivity:
85.9%

Specificity:
90.4%

AUC: 0.946

Mustafina
et al. [114] 2024 Cystic

Fibrosis PTR-TOF-MS

102 CF, 97 CON
(BS: 179 quiet
breathing, 199

forced expiratory
maneuvers).

LASSO LR XGBoost 5-fold CV

Forced
Expiratory
Maneuver:
AUC: 0.988,
Sen: 93.8%,
Spec: 96.1%

Normal Quiet
Breathing:

AUC: 0.975,
Sen: 88.7%
Spe: 91.2%

Roquencourt
et al. [104] 2023 COVID-19

Real-time,
proton transfer

reaction
time-of-flight

mass
spectrometry

67 with COVID-19
and 106 HS (BS: 173) PCA, Backward RFE RF

Stratified
5-fold CV × 4

times

98% sen, 74%
spe, 98% NPV,
72% PPV and
AUC of 0.961

Weber
et al. [107] 2023 Allergic

Asthma SESI-HRMS
48 allergic

asthmatics and
56 CON (children)

Boruta FS SVMs 10-fold CV ×
10 times

78% Acc and
AUC of 0.83

Jiao
et al. [115] 2023 Cognitive

dysfunction HPPI-TOFMS

1467 subjects:
263 CD,

263 CN controls
(PSM-selected from

1204 CN).

A statistical-based FS
RF, SVM, LR,
XGB, KNN,

and DT

Hold-out
(50/20/30%) AUC of 0.876

Fu
et al. [108] 2023 Pulmonary

Tuberculosis

Real-time
HPPI

time-of-flight
mass

spectrometer

518 PTB and 887
CON (BS: 1405)

FS based on
statistical analysis

RF, SVM, LR,
XGB, and DT

Hold-out
(70 × 100

times/30%)

Breathomics-
Based PTB
Detection:
92.6% Acc,
91.7% Sen,
93.0% Spe,
AUC: 0.975
VOC Modes
for PTB vs.

Other
Pulmonary

Diseases:
91.2% Acc,
91.7% Sen,
88.0% Spe

AUC: 0.961

Henning
et al. [117] 2023

Schizophrenia
and major
depressive
disorder

proton
transfer–

reaction mass
spectrometry.

36 MDD,
34 schizophrenia

and 34 HS (BS: 312)

Using the SPSS software
multimodal logistic

regression modeling was
applied. Additionally,

3 separate logistic
regression models

were used

BART
algorithm

Conditional
forward
method
of SPSS

MDD vs.
Healthy
Controls:

76.8% accuracy
Schizophrenia

vs. Healthy
Controls:

83.6% accuracy
MDD vs.

Schizophrenia:
80.9% accuracy

Rai
et al. [109] 2022 LC FT-ICR-MS

technology

156 LC, 65 benign
pulmonary nodule

patients, 193 HS
SVM-RFE, Boot-SVM-RFE SVM 5-fold CV ×

500 times 92% Acc

Liangou
et al. [105] 2021 COVID-19 PTR-ToF-MS

955 samples:
182 positive

(88 symptomatic,
27 asymptomatic),

840 negative

Sub-model and compound
importance combined to

identify the top
20 compounds for

COVID-19 prediction

GBM
models

Hold-out
(70/30%) 81.2% Acc
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Table 4. Cont.

Author Year Application
Domain

Breath
Analysis

Technique
Subjects Feature Engineering Machine

Learning Validation Results

Tsou
et al. [110] 2021 LC SIFT-MS

148 patients with
LC and 168 HS

(BS: 316)

Heat map and hierarchical
clustering identified
several VOC groups

XGBoost Hold-out
(70/30%)

Acc: 89%,
Sen: 82%
Spe: 94%,
AUC: 0.95

Grassin-
Delyle

et al. [106]
2021

Critically ill
COVID-19

patients

Proton transfer
reaction

time-of-flight
mass

spectrometry

28 COVID-19
ARDS and 12

Non-COVID-19
ARDS (BS: 303)

PCA for batch effects,
feature selection via elastic
net & RF. Features ranked

by Wilcoxon p-values, PCA
loadings, OPLS-DA

importance, elastic net &
SVM coefficients, and

RF importance.

Linear SVM,
elastic net,

and RF

Stratified
10-fold CV
× 4 times

Elastic net, RF,
and SVM

achieved an
accuracy of

between 89%
and 93%

Miller-
Atkins

et al. [116]
2020

Cirrhosis,
Primary, and
Secondary

Liver
Tumors

SIFT-MS

296 subjects: 54 no
liver disease, 30

cirrhosis, 112 HCC,
49 pulmonary

hypertension, 51
colorectal cancer
liver metastases.

PCA for batch
effects/outliers, logistic

regression for
metabolite-cohort

associations, Gini scores for
RF variable importance

RF

LOOCV/(5%)
of the patients
in each group
was testing set

Classification
Acc: 85%
Balanced
Acc: 75%
Sen for

Detecting
HCC: 73%

Comparison:
AFP Sen was

53% in the
same cohort

Chen
et al. [112] 2019 Tuberculosis

high-
resolution

orbitrap mass
spectrometry

analysis

19 TB patients and
17 non-TB subjects

PCA for visualization,
SAM-based FS SVM N/A

The best
segregation %
rate observed

when applying
feature

extraction from
positive ion

mode near 300

Butcher
et al. [111] 2018 LC SIFT-MS 20 LC and 20 HS

(BS: 40) -
MLPs and
clamped-

ESNs
5-fold CV 56% to

74% Acc

3.2.2. Hyphenated Mass Spectrometry

Hyphenated mass spectrometry has been employed across numerous diseases, uti-
lizing advanced ML models to enhance diagnostic precision and prognostic capabilities.
Below is a synthesis of 19 studies categorized by disease and detailing their methodologies.
Taylor et al. (2024) utilized a novel microreactor to analyze 34 carbonyl compounds for
pulmonary fibrosis detection [118]. ML models, including SVM, RF, and BGLM, were ap-
plied. A five-fold cross-validation process showed that these models achieved an AUROC
score of 0.877 for diagnosis and 0.873 for disease severity classification. In the diagno-
sis of gastrointestinal cancer, Xiang et al. (2023) exploited GC-MS and UVP-TOFMS to
distinguish early-stage upper gastrointestinal (UGI) cancer from benign conditions [119].
They analyzed 163 features derived from breath samples and employed RFE for FS. Their
models demonstrated exceptional performance using RF, SVM, XGBoost, and LDA, with
AUROC scores of 0.959 and 0.994 for exhaled breath analysis, showing comparable results
for gastric-endoluminal gas samples.

Several studies have explored COVID-19 diagnosis. Hirdman et al. (2023) employed
liquid chromatography-mass spectrometry to analyze 110 proteins per sample and applied
RF models for classification, achieving 92% accuracy [120]. Xue et al. (2022) used a
portable GC-MS system and implemented SVM, KNN, LR, and ANN with five-fold cross-
validation [121]. Their SVM model exhibited superior capability, achieving 97.3% accuracy,
100% sensitivity, and 94.1% specificity. Woollam et al. (2022) adopted HS-SPME GC-MS and
utilized LDA models, achieving an impressive ROC AUC of 0.99, with 100% sensitivity and
92% specificity [122]. Zhang et al. (2022) employed HPPI-TOFMS and an XGBoost classifier,
reporting 92.2% sensitivity and 86.1% specificity in a three-fold validation approach [123].
For HCC, Nazir et al. (2023) integrated GC-MS with electrochemical analysis, utilizing PCA
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and hybrid heat maps to reduce dimensionality [124]. Their unsupervised ML approach
yielded a sensitivity of 99% in early HCC detection. In lung cancer, various studies have
demonstrated the effectiveness of breath analysis combined with ML. Gashimova et al.
(2022) utilized TD-GC-MS to analyze 205 VOCs, employing LR, SVM, RF, and ANN
models [125]. Sensitivities ranged from 81% to 88%, with corresponding specificities
between 83% and 85%. Koureas et al. (2021) used SPME-GC-MS to evaluate 29 VOCs and
employed RF and NB models. Cross-validation yielded an accuracy of 91% and an AUC
of 0.96 [126]. Similarly, Koureas et al. (2020) achieved 88.5% accuracy and an AUC of 0.94
using RF models for VOC-based lung cancer detection [127]. In another study, Pelit et al.
(2024) applied LightGBM, achieving an accuracy of 81.8% [128].

Cheng et al. (2022) analyzed VOCs from patients using TD-GC-MS to diagnose colorectal
adenomas and cancer [129]. Employing isolation forest algorithms and RF models, they
validated their approach through LOOCV and testing-validation splits. Depending on the
model, sensitivity ranged between 67.3 and 80%, and specificity was 70%, respectively. Patnaik
et al. (2022, 2023) employed GC-MS to analyze multiple breath parameters for liver function
assessment [130,131]. They utilized SVR, RF, and ensemble tree regression (ETR) models,
reporting R-squared values between 0.78 and 0.85 for predictive scores. Models showed accu-
racy improvements across different validation setups, with precision, recall, and probability
scores ranging from 0.84 to 0.94. Khan et al. (2022) utilized 2D GC × GC-TOF-MS combined
with OPLS-DA and RF models for insulin resistance detection [132]. Their approach, validated
using 10-fold cross-validation and hold-out splits, achieved an AUROC of 0.87 in identifying
pre-diabetic conditions among Hispanic adolescents. Di Gilio et al. (2020) employed TD-
GC/MS and RF models to detect malignant pleural mesothelioma, achieving a sensitivity
of 93% through LOOCV validation [133]. Similarly, tuberculosis detection was pursued by
Beccaria et al. (2019) [134] and Bobak et al. (2021) [135]. Beccaria’s study employed RF models
to analyze 128 features, achieving 100% sensitivity and 60% specificity. Bobak, using Boruta
FS with RF, reported an accuracy of 90%. Lastly, Sharma et al. (2021) utilized GC-MS to
analyze 103 peaks potentially containing VOCs for asthma detection [136]. Their PCA- and
LDA-based models achieved an accuracy of 94.4% in distinguishing between asthma patients
and controls. Table 5 summarizes all the studies that used hyphenated MS-based approaches
for breath analysis in disease diagnostics.

Table 5. Employed studies by using hyphenated mass spectrometry.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Machine
Learning Validation Results

Pelit
et al. [128] 2024 LC SPME fiber and

GC–MS

70 LC and 96
control (BS:166)

in the second
phase

Feature
Importance of

LightGBM
LightGBM 5-fold CV 81.80% Acc

Taylor
et al. [118] 2024 Pulmonary

fibrosis
A novel

microreactor

30 ILD patients:
25 with FEV1 &

FVC, 22 with
DLCO

PLS-DA
analysis, EFS

BGLM, RLR,
RRF, SPLS,
SVMPoly

and RF

5-fold CV AUROC: 0.877 (diagnosis),
0.873 (disease severity).

Xiang
et al. [119] 2023

Early upper
gastrointesti-

nal cancer from
benign

GC-MS and
UVP-TOF-MS

193 subjects:
116 UGI cancer,

77 benign
disease/Gastric-
endoluminal gas
samples: 114 UGI
cancer, 76 benign

disease

RFE RF, XGB, SVM,
and LDA

Hold-out
(70/30%)

Exhaled Breath Models
(UGI Cancer vs. Benign):

GC-MS: AUC 0.959;
UVP-TOFMS: AUC 0.994
Gastric-Endoluminal Gas
Models (UGI Cancer vs.
Benign): GC-MS: AUC

0.935 UVP-TOFMS:
AUC 0.929

Hirdman
et al. [120] 2023 COVID-19

Liquid
chromatography-

mass
spectrometry.

20 Patients
COV-POS, 16

COV-NEG, and
12 HCO (BS: 40)

Independent
FS in Perseus

using ANOVA
scores

RF
Hold-out
(60 × 100

times/40%)
92% Acc
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Table 5. Cont.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Machine
Learning Validation Results

Nazir
et al. [124] 2023 Early detection

of HCC

GC-MS and
Electrochemical

analysis

35 with
Hepatocellular
carcinoma and
30 HS (BS: 325)

PCA and hy-
brid heat maps

Unsupervised
ML, PCA and
hybrid heat

maps

N/A 99% Sen

Patnaik
et al. [130] 2023 Abnormal

Liver Function GC-MS
30 liver patients

and 33 HS
(BS: 198)

RFE based
on DT NB and RF Hold-out

(70/30%)

Acc: 0.7 to 0.95, Pre: 0.84 to
0.94, Recall: 0.84 to 0.94

Prediction Prob:
0.84 to 0.94

Gashimova
et al. [125] 2022 LC TD–GC–MS 110 LC and 212

HS (BS: 322) DA SVM and ANN K-Fold CV

ANN’s Performance: LC
vs. Young Healthy: Sen:

88%, Spe: 83% LC vs. Old
Healthy: Sen: 81%,

Spe: 85%

Xue
et al. [121] 2022 COVID-19

A portable gas
chromatograph-

mass
spectrometer.

65 COVID-19
and 57 CON

(BS: 122)
PCA SVM 5-fold CV

Acc: 97.3%, Sen: 100%
Spe: 94.1%, Pre: 95.2%

F1 Score: 97.6%

Zhang
et al. [123] 2022 COVID-19 HPPI-TOF-MS 95 COVID-19 and

106 HS (BS: 201) - XGB Hold-out
(50/20/30%) Sen: 92.2%, Spe: 86.1%

Cheng
et al. [129] 2022

Colorectal
Adenomas and

Cancer

Thermal
desorption-gas

chromatography
coupled with
TD-GC-MS

382 FIT-positive
patients (Dutch

bowel screening):
84 negative

controls, 130
non-AAs, 138
AAs, 30 CRCs

Variable
importance

from RF
(model 2)

PCoA
visualization

Isolation Forest
Algorithm, RF

Hybrid:
LOOCV and

hold-out

CRC vs. Negative Controls:
67.3% Sen, 70% Spe

AA vs. Negative Controls
(10 VOCs): 79% Sen,

70% Spe
CRC vs. Control (Model 2):

80% Sen, 70% Spe
AA vs. Control (Model 2):

77% Sen, 70% Spe

Woollam
et al. [122] 2022 COVID-19 HS-SPME

GC-MS QTOF
12 negative

and 14 positive PCA LDA 5-fold CV ×
1000 times

ROC AUC of 0.99, Sen: 100%
and Spe: 92%

Patnaik
et al. [131] 2022 Liver function GC–MS

17 liver patients
and 28 HS
(BS: 135)

no

Linear
regression,
SVR, RFR,
and ETR.

Hold-out
(70/30%)

The R-square value
between actual clinical

score and predicted
clinical score is found to be
0.78, 0.82, and 0.85 for CTP
score, APRI score, and MELD

score, respectively.

Khan
et al. [132] 2022

Insulin
resistance in
pre-diabetic

Hispanic
adolescents
with obesity.

Two-
dimensional GC
× GC-TOF-MS

6 normal,
15 insulin

resistance and
7 borderline

(BS: 112)

OPLS analysis,
RF importance RF regression

10-fold
CV/Hold-out

(75/25%)

AUC-ROC curve of 0.87,
after CV

Koureas
et al. [126] 2021

Lung Cancer
from Benign
Pulmonary

Diseases

SPME-GC-MS

49 Ca+ patients,
36 Ca- patients

and 52 HS
(BS: 137)

Wrapper
functions NB, LR and RF 10-fold CV

Untargeted Analysis
(Ca+ vs. HC): Acc 91.0%,

AUC 0.96.
Targeted Analysis (Ca+ vs.
HC): Acc 89.1%, AUC 0.97
Efficiency Improvement

(Ca+ vs. Ca-): Acc 52.9% →
75.3%, AUC 0.55 → 0.82

Bobak
et al. [135] 2021 Tuberculosis GC ×

GC-TOF-MS

10 children with
TB disease,

11 had
unconfirmed TB,

and 10 were
unlikely to have

TB disease
(BS: 31)

Boruta FS RF 5-fold CV 90% Acc

Sharma
et al. [136] 2021 Asthma GC-mass

spectrometry

30 asthma,
8 atopic

non-asthma, and
35 non-asthma/

non-atopic
subjects (BS: 79)

PCA LDA Hold-
out (63/37%) 94.4% Acc

Koureas
et al. [127] 2020 LC

SPME of the
VOCs and

subsequent gas
GC-MS analysis

51 LC, 38 patients
with pathological
CT findings not
diagnosed with
LC, and 53 HS

(BS: 104)

Weka and the
Mann–

Whitney tests
RF 10-fold CV 88.5% acc (AUC 0.94).
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Table 5. Cont.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Machine
Learning Validation Results

Di Gilio
et al. [133] 2020

Malignant
Pleural

Mesothelioma
TD-GC/MS 14 MPM and

20 HS Gini Index RF LOOCV 93% Acc

Beccaria
et al. [134] 2018 Pulmonary

Tuberculosis

Thermal
desorption–GC
× GC–TOF-MS

with
chemometric

analysis.

50 individuals,
including 32 with
active pulmonary

TB and
18 controls with
TB symptoms,
but confirmed
Mtb negative

‘elbow method’ where fea-
ture impor-

tance
RF 5-fold CV

× 10 times 100% Sen and 60% Spe

3.2.3. Ion Mobility Spectrometry

Ion mobility spectrometry has proven to be a powerful technique in breath analy-
sis for the detection and diagnosis of various diseases, leveraging its ability to separate
and identify VOCs based on their mobility in an electric field. Several studies have com-
bined IMS with advanced ML algorithms to enhance diagnostic accuracy. In the study
by Wieczorek et al. (2022), temperature-dependent gas chromatography coupled with
field asymmetric ion mobility spectrometry (TD-GC-FAIMS) was utilized to detect liver
cirrhosis [137]. The researchers analyzed breath samples from 46 individuals, comprising
35 patients with cirrhosis and 11 healthy controls, resulting in 157 spectra with 3400 discrete
ion intensity values each. A 1-D CNN was developed for classification, with stratified
4-fold cross-validation applied for model evaluation and hyperparameter tuning. The
dataset was divided into a training set and a validation set, each comprising 82 samples
from 24 individuals, and a test set comprising 75 samples from 22 individuals. The model
achieved an AUC of 0.90, indicating high discriminatory power between cirrhotic patients
and healthy subjects. Furthermore, SHAP was applied to interpret the model’s output,
offering insights into the importance of individual features and enhancing the model’s
transparency and interpretability. Thomas et al. (2021) also focused on liver disease detec-
tion using TD-GC-FAIMS, analyzing 200 breath samples with 3400 ion intensity values from
50 participants: 35 with cirrhosis, 4 with non-cirrhotic portal hypertension, and 11 healthy
individuals [138]. A pre-trained convolutional neural network (ResNet-50) served as the
foundation for various ensemble learning models, including RUSBoost, SKNN, GNB, and
medium-sized GSVM. A five-fold CV was employed for validation. The molecular feature
scores derived from these models increased with cirrhosis severity, achieving an AUC of
0.78. The classifiers demonstrated sensitivity between 88 and 92% and specificity of 75% in
detecting the presence or stage of cirrhosis, highlighting the potential of breathomics in
liver disease assessment.

Chen et al. (2021) investigated COVID-19 detection using gas chromatography coupled
to ion mobility spectrometry (GC-IMS) [139]. The study analyzed VOC profiles, identifying
70 species from breath samples of 191 participants: 74 COVID-19 patients, 30 non-COVID-19
patients with respiratory infections, 56 healthcare workers, and 31 non-COVID-19 controls.
ML models, including SVMs, GBMs, and RFs, were utilized for classification. PCA helped
assess the weighted importance of VOC species in the models. With a 70/30 training-testing
split and an internal stratified 10-fold CV, the models achieved precision rates between 91%
and 100% in discriminating COVID-19 patients from others. GBM and RF models effectively
distinguished RI patients from healthy subjects with 100% precision, demonstrating the
efficacy of VOC-based breath analysis in infectious disease detection. Mentel et al. (2021)
focused on oral squamous cell carcinoma detection using GC-IMS, analyzing VOC profiles
from breath samples. The study included 105 participants: 55 patients with suspected
OSCC before surgery and 50 healthy controls. Various classification algorithms were



Information 2025, 16, 968 21 of 42

applied, including LR, LDA, KNN, DT, GNB, SVM, and RF. A ten-fold CV was used for
model evaluation [140]. The models achieved average accuracy rates of between 86% and
90%, suggesting that breath analysis via IMS could be a non-invasive diagnostic tool for
early detection of OSCC. Sukaram et al. (2023) explored the diagnosis of hepatocellular
carcinoma using GC-FAIMS. The study analyzed [141] breath samples from 343 participants:
124 HCC patients, 124 cirrhosis patients, and 95 healthy volunteers. An algorithm assigned
feature importance scores (F scores) to VOCs based on their ability to differentiate among
the cohorts. XGBoost was employed for classification, with the dataset split into 80%
for training and 20% for testing. Using 9 key VOCs, the model achieved a sensitivity
of 70.0%, a specificity of 88.6%, and an overall accuracy of 75.0% in diagnosing HCC.
Notably, the acetone dimer emerged as a significant biomarker, achieving an AUC of 0.775,
compared to alpha-fetoprotein (AFP), which demonstrated an AUC of 0.714 (p = 0.001)
in distinguishing early HCC from cirrhotic patients. Additionally, the acetone dimer was
effective in classifying treatment responders, with a sensitivity of 95.7%, a specificity of
73.3%, and an accuracy of 86.8%. Table 6 presents all the studies that used IMS for breath
analysis in disease diagnostics.

Table 6. Studies employing ion mobility spectrometry.

Author Year Application
Domain

Breath
Analysis

Technique
Subjects Feature

Engineering
Machine
Learning Validation Results

Sukaram
et al. [141] 2023

Diagnosis of
Hepatocellular

Carcinoma
GC-FAIMS 124 HCC, 124

cirrhosis, and 95 HS F score XGBoost Hold-out
(80/20%)

HCC Diagnosis (9 VOCs):
Sen 70.0%, Spe 88.6%,

Acc 75.0%
Early HCC vs. Cirrhosis:

Acetone Dimer AUC 0.775,
AFP AUC 0.714

Acetone Dimer (Treatment
Responders): Sen 95.7%,

Spe 73.3%, Acc 86.8%

Wieczorek
et al. [137] 2022 Detection of

Liver Cirrhosis TD-GC-FAIMS 35 with cirrhosis
and 11 HS (BS: 157) - 1-D CNN,

SHAP

Hybrid:
Combination
of hold-out

and 4-fold CV

AUC of 0.90

Thomas
et al. [138] 2021 Detection of

liver disease TD-GC-FAIMS

35 with cirrhosis, 4
with non-cirrhotic

portal hypertension,
and 11 HS (BS: 200)

-

Pre-trained
CNN

ResNet-50,
SC-2A (RUSBT

ensemble),
SC-1A (SKNN),
SC-2B (GNB),

RT-4B
(Medium
GSVM).

5-fold CV

Molecular feature score
increased with cirrhosis

stage (AUC 0.78).
Algorithmic models: Sen

88–92%, Spe 75% for
cirrhosis detection/staging.

Chen et al.
[139] 2021 Detection of

COVID-19 GC-IMS

191 subjects: 74
COVID-19, 30

non-COVID-19, 56
healthcare workers
(breath sampling &

tracing), 31
non-COVID-19

controls.

PCA, Weighted
importance of

VOC species in
the GBM and

RF models

SVMs, GBMs,
and RFs

Hold-out
(70/30%)

Discrimination Capability:
COVID-19 vs. HCW + NC

and RI
Precision Range:

91% to 100%
GBM and RF Models:

Discriminated RI Patients
from Healthy Subjects

Precision: 100%

Mentel
et al. [140] 2021

Detection of
Oral squamous
cell carcinoma

GC-IMS

55 with suspected
OSCC before

surgery and 50 HS
(BS: 92)

-
LR, LDA,
KNN, DT,

GNB, SVM, RF
10-fold CV 86–90% average Acc

3.3. Spectroscopic Techniques
3.3.1. Laser Spectroscopy

Recent studies demonstrate that laser spectroscopy has become a powerful tool for
breath analysis in disease detection and diagnosis. Golyak et al. (2024) employed infrared
laser spectroscopy, utilizing a quantum cascade laser and a Herriott multipass gas cell,
to analyze breath samples from patients with T1DM, asthma, pneumonia, and healthy
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controls [142]. The study included 204 breath samples from 71 healthy participants, as
well as 77 patients with T1DM, 32 of whom had asthma and 24 had pneumonia. Fea-
ture reduction techniques like PCA, LDA, and variational autoencoders were applied,
followed by classification using RF, Multinomial LG, and SVM algorithms. The models
achieved up to 100% balanced accuracy, underscoring the robustness of the method in
distinguishing between different respiratory conditions. Similarly, Liang et al. (2023)
utilized cavity-enhanced direct frequency comb spectroscopy (CE-DFCS) to detect the
SARS-CoV-2 infection by analyzing 14,836 molecular absorption features and 16 known
small-molecule compounds in breath samples [143]. This study involved 170 participants,
including 83 SARS-CoV-2-positive and 87 negative individuals. PLS regression was applied
for FS and DA for classification. The model, tested on 30 samples with 10,000 repeated
trials, achieved an AUC of 0.849, demonstrating the technique’s efficacy in identifying
COVID-19 infections through breath analysis.

In another study, Shlomo et al. (2022) applied FTIR spectroscopy combined with
BOH system AI algorithms to detect SARS-CoV-2 [144]. Each breath sample provided a
vector containing 7882 data points. Validation on 100 proof-of-concept samples revealed
that the FTIR/AI algorithm achieved 100% sensitivity and specificity compared to PCR
results, indicating a highly accurate non-invasive diagnostic method for COVID-19. Cusack
et al. (2024) focused on detecting COVID-19 pneumonia using laser spectroscopy [145].
From normalized breath prints, 191 features were extracted for classification. FS was
performed using a variant of the minimum redundancy maximum relevance algorithm,
and classification was conducted using a linear SVM. The model achieved a non-nested
accuracy of 81.7% (77.4% sensitivity, 85.5% specificity) and a nested accuracy of 72.2%
(67.9% sensitivity, 75.8% specificity) using LOOCV.

Borisov et al. (2021) utilized laser optical-acoustic spectroscopy to diagnose acute
myocardial infarction by analyzing eight VOCs in the 2.6–10.6 µm range [146]. The study
included 72 samples from 30 patients with primary myocardial infarction and 42 healthy
participants. PCA was employed for feature reduction, while a linear SVM was used
for classification. The model achieved 82% sensitivity and 93% specificity, indicating its
potential for the early detection of cardiac events through breath analysis. Additionally,
Kistenev et al. (2019) applied laser photoacoustic spectroscopy to diagnose bronchopul-
monary diseases, including lung cancer, COPD, and pneumonia [147]. PCA facilitated
feature extraction, and an SVM with a radial basis function (RBF) kernel was utilized
for classification. The model demonstrated high accuracy in biomarker detection (≥95%)
and disease classification, achieving specific accuracies of approximately 95.65% for lung
cancer, 81.12% for COPD, 84.12% for pneumonia, and 89.46% for healthy individuals.
Collectively, these studies underscore the effectiveness of laser spectroscopy combined
with advanced ML techniques in accurately diagnosing a range of diseases through breath
analysis. Table 7 lists all the studies that employed laser spectroscopy for breath analysis in
disease diagnostics.

Table 7. Studies utilizing laser spectroscopy.

Author Year Application
Domain

Breath
Analysis

Technique
Subjects Feature

Engineering
Machine
Learning Validation Results

Golyak
et al. [142] 2024

Diagnosis of
patients with

T1DM, asthma,
and

pneumonia

Infrared laser
spectroscopy.

71 HS, 77 with T1DM,
32 with asthma, and

24 with
community-acquired
pneumonia (BS: 204)

PCA, LDA,
Variational

autoencoder for
dimensionality

reduction

RF,
Multinomial
LG and SVM

Hold-out
(80/20%) Up to 100% Balanced Acc

Cusack
et al. [145] 2024

Detection of
COVID-19
pneumonia

LAS

53 SARS-CoV-2
Positive and 62

SARS-CoV-2 Negative
(BS: 115)

mRMR Linear SVM
Non-nested
and nested

LOOCV

A non-nested and nested
Acc of 81.7% (77.4% Sen,

85.5% Spe) and 72.2%
(67.9% Sen, 75.8% Spe)
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Table 7. Cont.

Author Year Application
Domain

Breath
Analysis

Technique
Subjects Feature

Engineering
Machine
Learning Validation Results

Liang
et al. [143] 2023

Detection of
SARS-CoV-2

infection
CE-DFCS 83 positive and

87negative (BS: 170) PLS DA

Training set
(n = 140)/
Testing set
(n = 30) ×

10,000 times

AUC of 0.849

Shlomo
et al. [144] 2022 Detection of

SARS-CoV-2
FTIR

spectroscopy

96 PCR-positive and
201 PCR-negative

(BS: 297)
-

BOH
system AI

algorithm’s

100 proof-of-
concept

samples for
validation

100% Sen and Spec

Borisov
et al. [146] 2021

Diagnosis of
acute

myocardial
infarction

Laser optical-
acoustic

spectroscopy

30 with primary
myocardial infarction

and 42 HP (BS: 72)
PCA Linear SVM

Hold-out
(60/40%) ×
not less than

500 times

82% sen and 93% spec

Kistenev
et al. [147] 2019

Diagnosis of
Bronchopul-

monary
diseases

Laser
photoacoustic
spectroscopy

9 LC; 12 COPD;
11 pneumonia and

29 CON
(BS: 61 × 5 times)

PCA SVM with
RBF kernel

Random
splitting of
initial data
on teaching
and testing

sets was
× 250 times

Biomarker detection: Acc &
selectivity ≥95%

Disease detection Acc:
LC ~95.65%,

COPD ~81.12%,
Pneumonia ~84.12%,

Healthy ~89.46%

3.3.2. Raman Spectroscopy

Raman spectroscopy has emerged as a valuable tool for disease diagnosis through
breath analysis, as demonstrated by two recent studies. Xie et al. (2024) targeted the
diagnosis of lung and gastric cancer using SERS spectra obtained from exhaled breath [148].
They employed a plasmonic metal–organic framework nanoparticle (PMN) film to collect
the breath samples in a study involving 1780 samples from 79 subjects, which included
49 healthy individuals, 22 lung cancer patients, and 8 gastric cancer patients. Each sample
provided 1000 one-dimensional data points. For data processing, PCA was used for feature
engineering, while RF classifiers and permutation importance methods were utilized for FS.
Classification was conducted using PLS-DA models and a shallow ANN, which achieved an
accuracy of 89% in distinguishing healthy individuals from lung and gastric cancer patients.
The second study by Xu et al. (2023) focused on the early detection of lung cancer using a
novel SERS sensor composed of ZIF-8/4-ATP/Au/TiO2 nanomaterial nanochannels [149].
Raman spectroscopy measurements were performed on seven types of aldehydes pertinent
to lung cancer detection—such as benzaldehyde and formaldehyde—as well as various
interfering gases, including hydrocarbons, alcohols, ketones, esters, nitriles, aromatic
compounds, organic acids, and ammonia. Each Raman spectrum was composed of 571 data
points ranging from 800 to 1800 cm−1, with 638 spectra collected for each gas. PCA was
employed for the dimensionality reduction of the data, while classification algorithms
included KNN, RF, SVM, and DT models. All ML models demonstrated excellent predictive
capabilities, achieving classification accuracies exceeding 96% in differentiating the seven
aldehydes from the eight interfering substances. These studies underscore the effectiveness
of integrating Raman spectroscopy with advanced ML techniques for non-invasive disease
diagnosis via breath analysis. The high accuracy rates achieved highlight the potential of
these methods for clinical applications in early detection and diagnosis. Table 8 presents
the Raman spectroscopy-based breath research reviewed in this work, which focuses on
the detection of lung and gastric cancers.
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Table 8. Breath analysis studies that exploited Raman spectroscopy.

Author Year Application
Domain Breath Analysis Technique Subjects Feature

Engineering
Machine
Learning Validation Results

Xie
et al. [148] 2024 LC and GC

SERS spectrum of exhaled
breath in plasmonic

metal–organic framework
(PMN) film

49 HS, 22 LC
and 8 GC
(BS: 1780)

PCA, RF
Classifier and
Permutation
Importances

Shallow ANN Hold-out
(80/20%) 89% Acc

Xu
et al. [149] 2023 Detection of

early LC

ZIF-8/4-ATP/Au/TiO2
NM-Based N anochannels

SERS Sensor

For each gas,
638 Raman

spectra were
collected.

PCA KNN, RF, SVM,
and DT

Hold-out
(80/20%) Acc above 96%

3.3.3. Spectroscopy

Breath analysis has also been conducted via spectroscopic techniques to diagnose
diseases, as demonstrated by two recent studies. The first study by Aslam et al. (2021)
focused on classifying gastric cancer and detecting early stages of the disease [150]. The
authors analyzed breath samples using a spectral range from 400 to 1500 nm. The study in-
volved 200 spectra collected from 200 breath samples, including 55 EGC patients, 56 healthy
individuals, and 89 advanced gastric cancer (AGC) patients. Each spectrum contained
1200 distinct values. The dataset was divided into training (70%), validation (15%), and
testing (15%) sets. Multiple machine learning models were used, with DSAENN achieving
an outstanding overall accuracy of 96.3% for gastric cancer classification, and an accuracy of
97.4% for early gastric cancer detection. In a second study by Nguyen et al. in 2023, the fo-
cus shifted to diagnosing lung cancer using a gap plasmonic film fabrication technique [151].
The authors of this work collected breath samples from 120 subjects, comprising 70 healthy
participants and 50 lung cancer patients. The dataset contained 360 samples (three loca-
tions per subject), each represented by 7200 unique features. These features were derived
from three RGB values multiplied by 12 color films from a multi-array biosensor across
200 time points. A CNN was employed for classification, achieving an average accuracy of
89.58% across the five-fold cross-validation. These studies demonstrate the effectiveness
of integrating spectroscopy with machine learning techniques in accurately diagnosing
diseases through breath analysis, underscoring the promise of non-invasive diagnostic
methods in clinical settings. Table 9 presents the latest research that used spectroscopy to
detect lung and gastric cancers through breath analysis.

Table 9. Breath analysis studies using Spectroscopy.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Machine
Learning Validation Results

Nguyen
et al. [151] 2023 LC Gap Plasmonic Film

Fabrication
70 HS and 50
LC (BS: 360) - CNN

Hold-out
(80/20%) and

5-fold CV

89.58% averaged Acc for
CNN with a 5-fold CV

Aslam
et al. [150] 2021

GC diagnosis
and early GC

detection

Spectral region
from 400 to 1500 nm

55 EGC, 56 HS,
and 89 AGC

(BS: 200)
- DSSAENN Hold-out

(70/15/15%)

Gastric Cancer
Classification: 96.3% Acc

Early Gastric Cancer
Detection: 97.4% Acc

3.4. Gas Chromatography

Gas chromatography is a widely used technique in breath analysis due to its high
sensitivity, ability to provide an orthogonal analysis, extensive compound libraries, and ca-
pacity to detect VOCs associated with various diseases. This section examines two studies
that utilized gas chromatography for disease diagnosis. Table 10 summarizes these studies,
outlining their methods, ML approaches, and validation strategies. In the first study, Pic-
ciariello et al. investigated the use of an automated portable gas chromatography device
to diagnose CRC [152]. They analyzed breath samples from 36 CRC patients (without
metastases) and 32 healthy participants, using 100 different VOCs. For data processing,
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they implemented PCA for feature engineering and LDA for classification, testing their
model on 18 patients with CRC and 14 healthy controls. The results were promising:
the method attained a specificity of 87.5% (correctly identifying healthy individuals), a
sensitivity of 94.4% (correctly identifying patients with CRC), and an overall accuracy of
91.2%. In the second study, Zhou et al. examined a two-dimensional gas chromatography
device for diagnosing acute respiratory distress syndrome (ARDS) [153]. They analyzed
breath samples from 21 ARDS patients and 27 non-ARDS controls, detecting 97 VOC
peaks. Similar to the first study, they employed PCA and LDA for feature extraction and
classification, performing a 4-fold cross-validation to ensure the robustness of their model.
The average classification accuracy across the four validation models was 85.3% ± 0.7%.
These studies demonstrate that combining gas chromatography with ML techniques can
accurately classify breath samples for disease diagnosis, highlighting the potential of
these methods in developing non-invasive diagnostic technologies. Table 10 summarizes
the latest research on gas chromatography-based breath analysis for detecting colorectal
cancer and acute respiratory diseases.

Table 10. Breath analysis studies using gas chromatography.

Author Year Application
Domain

Breath Analysis
Technique Subjects Feature

Engineering
Machine
Learning Validation Results

Picciariello
[152] 2024 Colorec-

tal Cancer

Automated portable
gas chromatography

device

68 subjects: 36 patients
(no metastases), 32 HS PCA LDA

Training set
(18 CRC and

18 HC)/Testing set
(18 CRC and 14 HC)

87.5% Spe,
94.4% Sen,
91.2% Acc

Zhou
et al. [153] 2019 ARDS

Two-dimensional gas
chromatography

device

21 ARDS and 27
non-ARDS HS (BS: 85) PCA LDA

Training set
(28 subjects)/

Testing set
(20 subjects)/

4-fold CV

87.1%
Overall Acc,

94.1% PPV and
82.4% NPV

3.5. Summary of Findings

This scoping review analyzed 97 studies applying machine learning to breath analysis
for disease diagnosis across respiratory (48%), metabolic (22%), and oncological (20%)
conditions. Table 11 summarizes the reviewed studies by disease category, analytical
technique, ML algorithms, validation approaches, and performance metrics. E-Nose
platforms and spectrometric methods dominated the field, with traditional ML algorithms
(SVM, RF) and emerging deep learning approaches achieving diagnostic accuracies of
85–98% (median AUC: 0.93).

Table 11. Summary of reviewed studies by disease category, analytical/sensing technology, ML
algorithm, validation approach, and best reported performance.

Disease Category Analytical/Sensing
Technique

Typical Sample
Size (N)

Common ML/DL
Algorithms Validation Strategy Best Reported

Performance
Representative

References

Respiratory diseases
(LC, COPD, Asthma,
TB, COVID-19)

e-Nose (MOS, QMB),
GC–MS, PTR–MS,
SIFT–MS,
HPPI–TOFMS

30–400 RF, SVM, XGBoost,
CNN, LSTM

5-fold CV, LOOCV,
hold-out

Acc = 90–98%;
AUC = 0.93–0.99

Zhao 2021 [66];
Rivai 2024 [70];
Fu 2023 [108]

Metabolic disorders
(Diabetes, obesity,
NAFLD)

e-Nose, TD–GC–MS 40–200 SVM, RF, hybrid DL
(SVM + CNN) 10-fold CV, hold-out Acc = 93–98%;

AUC ≈ 0.95
Bhaskar 2023 [99];
Gudiño-Ochoa 2024 [57]

Oncological diseases
(breast, colorectal,
liver, gastric,
prostate cancers)

GC–MS, SIFT–MS,
HPPI–TOFMS,
e-Nose

100–2000 RF, XGBoost, CNN k-fold CV, external
validation

Acc = 85–94%;
AUC = 0.90–0.98

Zhang 2024 [113];
Pol,aka 2023 [90]

Infectious diseases
(tuberculosis,
COVID-19)

HPPI–TOFMS,
PTR–MS, e-Nose 70–500 RF, GBM, CNN 5-fold CV, hold-out Acc = 88–96%;

AUC ≈ 0.96
Doğuç 2023 [60];
Roquencourt 2023 [104]
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Table 11. Cont.

Disease Category Analytical/Sensing
Technique

Typical Sample
Size (N)

Common ML/DL
Algorithms Validation Strategy Best Reported

Performance
Representative

References

Neurological
psychiatric disorders
(schizophrenia,
MDD, Parkinson’s)

PTR–MS, GC–MS 50–150 LR, BART, SVM Forward selection,
CV Acc = 75–85% Henning 2023 [117]

Others/mixed
diseases (cystic
fibrosis, pulmonary
fibrosis)

PTR–TOF–MS,
GC–MS 30–200 LASSO, RF, XGBoost 5-fold CV AUC = 0.87–0.99 Mustafina 2024 [114];

Taylor 2024 [118]

4. Discussion
This scoping review examines the application of ML in breath analysis for disease

diagnosis and prognosis, emphasizing its potential as a non-invasive diagnostic tool. The
findings demonstrate a growing reliance on ML to process VOCs, with spectrometric
and sensor-based techniques emerging as the most commonly used analytical approaches
to date. Ensemble learning models (particularly RF and GBM) are often employed to
enhance classification accuracy, while DL methods are increasingly used to manage complex
breathomics data. Despite these advancements, several challenges remain, including the
need for standardized breath analysis protocols, the limited generalizability of ML models
due to small and homogeneous datasets, and the gap between experimental results and
clinical implementation. The following sections examine these trends, discussing the latest
technological innovations, methodological limitations, and the potential directions for
future research.

Rise of ML in Breath Analysis: The temporal distribution of studies (Figure 2) reveals a
sharp increase in the number of machine learning applications for breath analysis over the
past decade, with a particularly pronounced rise from 2020 onward. The number of studies
remained relatively stable between 2018 and 2020, averaging fewer than 10 publications
per year, but surged in 2021, coinciding with the COVID-19 pandemic. This shift reflects
the heightened global interest in respiratory disease diagnostics, as breath analysis gained
traction as a potential screening tool for COVID-19. The respiratory system consistently
dominates ML-driven breath analysis, accounting for over 50% of studies in recent years,
with applications in lung cancer, COPD, asthma, and infectious disease diagnosis. However,
the expansion of breathomics research into metabolic and gastrointestinal disorders has
also been notable, with studies on diabetes, liver disease, and colorectal cancer increasing
by approximately 30% from 2021 to 2024. In contrast, cardiovascular and neurological
diseases remain underrepresented, likely due to the lack of well-established breath biomark-
ers for these conditions and a historical reliance on more traditional diagnostic methods
such as imaging and blood tests. The projection for 2025 suggests a continued growth
in established research areas, while preliminary investigations into dermatological and
autoimmune conditions signal the potential emergence of new research directions. These
findings underscore the evolving landscape of breath-based diagnostics, where technologi-
cal advancements and global health priorities continue to shape the research focus.

Trends in Breath Analysis Techniques: The rapid development of breath-based diagnostic
technologies has led to a diverse landscape of analytical methods, with spectrometric tech-
niques and sensor-based approaches dominating most disease categories (Figure 3). Sensors
have emerged as the most widely used category, demonstrating a strong connection to
respiratory diseases, while also contributing to other areas, including the endocrine, urinary,
and digestive systems. This widespread adoption likely arises from their real-time detec-
tion capabilities, affordability, and ease of integration into portable devices. Spectrometric
techniques, although heavily associated with respiratory diseases, also play a significant
role in the detection of digestive and endocrine disorders, indicating their capability to
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detect a broad spectrum of VOCs, relevant to metabolic and systemic diseases. In contrast,
gas chromatography is the least utilized technique, focusing mainly on colorectal cancer
detection, with minor contributions to respiratory disease diagnostics. These patterns high-
light the tailored nature of technique selection, where disease-specific biomarker profiles
and analytical precision guide the preferred methodology. Moving forward, integrating
multiple breath analysis techniques—leveraging the broad applicability of sensors, the
chemical specificity of spectrometry, and the high-resolution capabilities of GC—could lead
to more robust and comprehensive breath-based diagnostic solutions.

Figure 2. Annual Distribution of Studies by Disease Category.

Figure 3. Breath Analysis Techniques for Disease Detection.
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ML Model Preferences: The trends in ML applications for disease classification and
prediction using breath analysis reveal a clear preference for traditional ML models and en-
semble methods, along with a growing shift toward deep learning and hybrid approaches.
As techniques advance and breathomics data become more complex, researchers increas-
ingly turn to sophisticated modeling strategies to enhance predictive accuracy, model
robustness, and clinical applicability. Figure 4 illustrates the distribution of ML models
across various diseases, with the respiratory system emerging as the most heavily studied
category. Traditional ML models, such as SVM, RF, KNN, DT, and LR, dominate applica-
tions for respiratory diseases (35 studies), followed by ensemble and boosting techniques,
including XGBoost, AdaBoost, gradient boosting machines, and LightGBM (26 studies).
These methods are widely utilized for their robustness in handling high-dimensional VOC
datasets, effective feature selection, and strong generalization performance. In contrast,
digestive and endocrine disorders exhibit a more varied but relatively limited application
of ML models, incorporating NNs, probabilistic models, and traditional approaches in
smaller numbers. This suggests an exploratory phase in these domains, where differ-
ent modeling techniques are being tested, but where no dominant methodology has yet
emerged. Notably, unsupervised learning approaches are underrepresented, highlighting a
potentially underutilized strategy in exploratory biomarker discovery. Given the potential
of unsupervised methods to identify hidden patterns in high-dimensional VOC data, their
limited representation indicates a research gap that should be addressed in future studies.

Figure 4. Distribution of Machine Learning Models Across Disease Categories in Breath Analysis.

A shift towards hybrid and deep learning models is reshaping ML applications in
breathomics. DL architectures, such as CNNs, are increasingly being applied to respiratory
diseases (asthma, COPD, lung cancer, COVID-19, and tuberculosis) due to their ability to
capture complex spatial and temporal patterns in VOC profiles. These models, often paired
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with traditional classifiers such as RF and SVM, offer enhanced accuracy and robustness.
Hybrid models that integrate feature extraction methods like CNNs with ensemble classi-
fiers such as RF, XGBoost, and GBM have proven highly effective in improving predictive
performance. Stacking models (where the output of one algorithm is used as the input for
another) have facilitated the development of sophisticated and accurate predictive systems,
particularly in electronic noses, spectroscopic, and spectrometric techniques, where the
complexity of breath data necessitates advanced modeling strategies. Moreover, transfer
learning techniques and hybrid architectures have been observed in more recent studies,
particularly within spectrometric applications, indicating a shift towards more sophisticated
model development to handle complex datasets.

In most DL-based studies, raw spectral or sensor array signals are preprocessed using
normalization and scaling, then reshaped into 1D or 2D matrices suitable for convolutional pro-
cessing. CNNs extract spatial or correlation-based features from spectra or sensor responses,
while LSTM and GRU models capture temporal dependencies from time-series breath data.
Recent advances include hybrid models, such as CNN-XGBoost and CNN-Autoencoder
combinations, that leverage both learned representations and structured feature-based classifi-
cation. Transfer learning from pretrained image or signal models (e.g., ResNet and VGG) has
also been applied to breathomics, improving performance in small datasets.

Across numerous disease categories, specific trends in ML model preferences have
been observed. For respiratory diseases such as asthma, COPD, lung cancer, COVID-19,
and pulmonary tuberculosis, deep learning models such as CNN and LSTM are increas-
ingly favored for pattern recognition in high-dimensional datasets. In cancer detection,
encompassing lung, colorectal, breast, and prostate cancers, ensemble methods such as
RF, XGBoost, LightGBM, and LR dominate. In metabolic disorders such as diabetes, liver
disease, and insulin resistance, studies show a growing preference for hybrid ML tech-
niques, with deep learning approaches including CNN-XGBoost combinations commonly
employed, particularly for handling complex spectrometric data. Similarly, in the field of
liver and gastrointestinal diseases (cirrhosis, HCC, and gastric cancer), ensemble models,
especially XGBoost, RF, and LDA, are frequently utilized.

Despite these advancements, some ML techniques remain underutilized. Probabilis-
tic and Bayesian models are seldom applied in breath analysis, despite their potential
to offer valuable uncertainty quantification for clinical decision-making. Similarly, un-
supervised learning methods, such as clustering and anomaly detection, remain largely
unexplored, despite their potential for identifying novel biomarker patterns without the
need for labeled datasets. Given the inherent complexity of breathomics data, integrating
these underrepresented ML methodologies could unlock new insights and enhance model
interpretability in future studies. The evolution of ML techniques in breath analysis reflects
a shift towards more complex and integrated modeling approaches. While traditional
ML methods continue to serve as the foundation for disease classification, future research
should focus on expanding hybrid models, DL applications, and underutilized probabilistic
and unsupervised learning strategies in order to improve the reliability, scalability, and
interpretability of AI-driven breath diagnostics.

Sample Size Analysis: Sample size is a critical factor in determining the robustness,
reliability, and generalizability of ML-driven breath analysis models. Figure 5 illustrates
the distribution of sample sizes in the reviewed studies, revealing a strong skew toward
smaller datasets, with most studies falling into the first bin (fewer than 40 participants).
Furthermore, the vast majority of studies incorporate fewer than 100 subjects in total
across all classes, underscoring the limited scope of data used to train and validate ML
models. The predominance of small-scale studies suggests that much of the current research
remains at the pilot or exploratory stage, focusing on the initial validation of breath analysis
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techniques in controlled environments rather than in the large-scale clinical setting. While
a few studies incorporate larger cohorts ranging from 500 to 2000 participants, these remain
exceptions rather than the norm, highlighting an ongoing challenge in scaling breathomics
research to real-world applications. The reliance on small datasets raises concerns about
model overfitting, poor generalizability, and potential biases, as ML algorithms trained on
limited and homogeneous data may struggle to perform reliably across diverse populations.
Overcoming these limitations will require multi-center collaborations, standardized data
collection protocols, and larger, more diverse cohorts to ensure breath-based ML models
transition from promising experimental tools to clinically viable diagnostic solutions.

Figure 5. Distribution of Samployed Studies.

Alignment of Breath Analysis Techniques with ML Models: Building on the challenges of
sample size limitations, the interaction between breath analysis techniques and ML models
underscores the importance of methodological alignment in breath metabolomics research
(Figure 6). Spectrometric techniques and sensors dominate the analytical landscape, pri-
marily employing ensemble and boosting approaches (27 and 15 studies, respectively)
alongside traditional ML models (18 and 19 studies, respectively). This preference reflects
the ability of these ML models to handle the high variability and complex data structures
characteristic of spectrometric and sensor-based analyses, where large feature sets and
intricate VOC patterns demand advanced feature selection and classification strategies. In
contrast, gas chromatography exhibits minimal integration with ML, which is likely due to
its narrow application scope and the complexity of VOC separation processes that may not
always require advanced computational modeling. A particularly noteworthy observation
is the limited use of probabilistic and Bayesian models across all techniques, despite their
potential for uncertainty quantification and improved decision-making in diagnostic pre-
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dictions. This underutilization suggests an area for methodological improvement, where
Bayesian inference could enhance the interpretability and reliability of ML-driven breath
diagnostics. Overall, these findings highlight the importance of selecting ML strategies
that align with the specific data characteristics of each breath analysis technique, ensuring
optimal diagnostic performance and clinical applicability. Future research should explore
hybrid modeling approaches that combine the strengths of different ML paradigms to
enhance robustness and predictive confidence in breath-based disease detection.

Figure 6. Alignment of Breath Analysis Techniques with Machine Learning Models.

The Role of Feature Engineering: Feature selection and dimensionality reduction are
crucial for managing the high-dimensional nature of breathomics datasets, ensuring en-
hanced model performance, interpretability, and computational efficiency. PCA is the
most commonly used technique, appearing in 73.8% of studies, as it effectively preserves
variance while reducing the complexity of the feature space. However, alternative machine
learning-based feature selection methods account for 26.2% of the approaches, suggest-
ing a shift toward data-driven feature selection strategies. These include Boruta feature
selection (Boruta FS), ReliefF, RFE, genetic algorithms, and SHAP-based ranking, all of
which provide more targeted and flexible biomarker identification strategies in comparison
to traditional dimensionality reduction techniques. Additionally, ensemble-based feature
selection methods—such as those integrating RF, XGBoost, and LR—have been utilized to
improve model robustness and to ensure the relevance of selected VOC features in disease
classification. Advanced feature engineering techniques are also influencing early detection
efforts in specific disease domains. In liver and gastrointestinal diseases, such as cirrhosis,
HCC, and GC, ensemble models such as XGBoost, RF, and LDA often combine hybrid
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feature selection pipelines to enhance predictive accuracy. Techniques such as isolation
forest algorithms and hybrid PCA-SHAP models have emerged as promising solutions for
improving early-stage disease detection by filtering out irrelevant features and emphasizing
key biomarkers.

Validation: Strategies for validation were essential in evaluating the reliability, robustness,
and generalizability of ML models in breathomics research. Most studies utilized 5-fold
and 10-fold CV techniques, regarded as gold-standard methods for reducing overfitting and
ensuring consistent model performance across various data subsets. These techniques offered
reliable error estimation while remaining computationally efficient, leading to widespread
use in different ML applications related to breath analysis. In cases with limited sample
sizes, especially in spectrometric analyses, LOOCV was often preferred to maximize data
utilization and to avoid performance inflation linked to small dataset bias. While LOOCV
was beneficial for highly constrained datasets, it incurred higher computational costs and
greater variance in model estimates, making it less suitable for larger studies. Hold-out
validation methods, such as 80/20% and 70/30% splits, were frequently employed in deep
learning contexts where extensive training data was necessary. These methods enabled models
to learn from a significant portion of the data while setting aside an independent test set
for assessing generalization performance. Hold-out validation could, however, be prone
to partitioning biases, particularly with smaller datasets (unless used alongside multiple
random splits or stratified sampling techniques). Stratified validation was also adopted
in several studies to ensure balanced disease class representation within the training and
testing datasets. This was crucial for handling imbalanced datasets, where some disease
conditions were underrepresented, which could inherently skew model predictions and
decrease sensitivity for rare conditions. Stratified CV or class-weight adjustments aided in
reducing bias and enhancing model performance across many disease categories.

VOC-Disease Insights: The relationship between volatile organic compounds and diseases
(Figure 7) reveals both disease-specific biomarkers and multi-system indicators that guide
diagnostic development. Several VOCs demonstrate strong disease specificity: acetone
shows the most robust association with diabetes (8 studies), reflecting increased ketone body
production during hyperglycemia; nitric oxide exhibits pronounced specificity for asthma
(6 studies), consistent with airway inflammation; and aromatic compounds—benzene, toluene,
and ethylbenzene—consistently associate with lung cancer (5 studies each), likely reflecting
oxidative stress and altered metabolism in malignant tissue. In contrast, some VOCs serve
as multi-disease indicators: acetone appears in diabetes, lung cancer, and kidney disease,
suggesting its role as a general metabolic stress marker, while ammonia elevation occurs across
kidney disease and lung cancer, reflecting disrupted nitrogen metabolism. The frequent use of
complex VOC mixture patterns for COVID-19 (12 studies) and COPD (8 studies) indicates that
multivariate signatures often outperform single biomarkers, explaining the success of machine
learning approaches. The three-layer structure connecting VOCs to diseases to body systems
demonstrates breath analysis captures both organ-specific pathology and systemic disruption:
while respiratory diseases dominate (65 connections), detection of metabolic (16 connections),
hepatic (19 connections), renal (7 connections), and neurological disorders (4 connections)
validates breath as a systemic diagnostic modality. These patterns suggest optimal strategies
should combine disease-specific VOCs for targeted screening with VOC pattern recognition
for differential diagnosis of complex conditions.

Limitations: This scoping review has several inherent limitations. First, certain
methodological decisions, such as the choice of databases, search keywords, and inclu-
sion/exclusion criteria, were necessarily subjective and may have resulted in the omission
of relevant studies. Second, heterogeneity among the included studies, such as differences
in breath sampling techniques, disease cohorts, analytical platforms, and ML validation
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methods, restricted direct comparability and the ability to perform a quantitative synthe-
sis. Third, publication bias might favor studies that report positive or high-performing
outcomes, potentially exaggerating the apparent success of ML models. Finally, although
the review includes studies published up to February 2025, rapid advancements in AI and
sensor technologies may have led to new developments not yet reflected in this analysis.

Figure 7. Volatile Organic Compound Biomarkers Linked to Diseases and Body Systems in Breath
Analysis Studies.

Unexplored areas and future directions: Despite significant advancements in ML appli-
cations for breath VOC analysis, several critical areas remain underexplored, particularly
in explainability, standardization, and integration with clinical workflows. Explainability
techniques, which are essential for building clinical trust in AI-driven diagnostics, were
explicitly addressed in only three out of 97 studies. Among these, one utilized case-based
reasoning for interpretability, while another employed SHAP to assess feature contributions
to model predictions. The limited use of explainability frameworks underscores a gap in
making ML models transparent, interpretable, and actionable for clinical decision-making.
Another key limitation is the lack of standardization in data collection, preprocessing, and
model evaluation. Breathomics datasets vary significantly in terms of sampling methods,
VOC profiling techniques, and reference standards, making cross-study comparisons and
model reproducibility challenging. While RF and SVM models have proven effective for
handling high-dimensional datasets, their widespread use has not been accompanied by
sufficient benchmarking against deep learning architectures, hybrid models, or probabilis-
tic frameworks. Similarly, while PCA remains a dominant approach for dimensionality
reduction, alternative data-driven selection techniques (e.g., genetic algorithms, ReliefF,
and ensemble-based feature selection) have been underutilized in breath analysis.

The integration of hybrid and ensemble approaches with deep learning remains
another underexplored frontier in breathomics research. While deep learning models
have demonstrated potential in capturing complex non-linear relationships within VOC
datasets, they remain underutilized in combination with traditional ML frameworks. By
integrating ensemble learning techniques with deep neural networks, transfer learning
or generative models could enhance both predictive accuracy and biomarker discovery.
Balancing model complexity with clinical interpretability remains one of the most pressing
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challenges in ML-driven breath analysis. High-performing models often act as black boxes,
limiting their practical adoption in medical diagnostics. As the field evolves, future research
must prioritize the incorporation of explainability tools, standardization frameworks, and
benchmarking studies to validate ML models across diverse clinical settings. The continued
refinement of methodologies coupled with advancements in feature selection, transfer
learning, and uncertainty quantification holds great potential for enhancing the diagnostic
and prognostic capabilities of breathomics. These developments could bridge the gap
between computational models and real-world clinical applications, ultimately advancing
precision medicine and improving patient outcomes.

Several studies from the reviewed literature exemplify the successful application of
ML-based breath analysis in real-world or clinically relevant contexts. For instance, Zhang
et al. (2024) conducted a large-scale, multi-center study using HPPI–TOF–MS for breast
cancer detection, integrating RF and XGBoost models trained on over 1900 breath samples
collected across different hospitals [113]. The resulting models achieved a sensitivity of
85.9% and a specificity of 90.4%, demonstrating strong generalizability across diverse
populations. Similarly, Fu et al. (2023) reported high diagnostic accuracy (AUC = 0.975) for
tuberculosis detection using RF models trained on HPPI–TOF–MS data, validated on an
independent external cohort [108]. Both studies demonstrate how larger, heterogeneous
datasets and robust validation strategies can significantly enhance model reliability and
clinical relevance. These examples underscore the importance of multi-center collaborations
and standardized analytical pipelines in ensuring that ML-driven breath diagnostics are
not only accurate but also reproducible and transferable across various healthcare settings.

The findings of this scoping review indicate that ensemble and DL methods (e.g., RF,
XGBoost, CNN, and LSTM) consistently outperform traditional algorithms in terms of
diagnostic accuracy for breath-based disease detection. However, interpretability remains a
key barrier to clinical translation. Based on these insights, our ongoing work emphasizes the
integration of explainable AI techniques—such as SHAP and attention mechanisms—into
breathomics modeling to improve transparency while maintaining predictive performance.
Additionally, multi-modal data fusion (combining VOC profiles with demographic or
imaging data) is being explored as a strategy to enhance diagnostic robustness and early
disease detection.

Recent advances in explainable artificial intelligence (XAI) have begun to address
the “black-box” nature of complex ML and DL models in breathomics. Techniques such
as SHAP and LIME (Local Interpretable Model-Agnostic Explanations) allow for quan-
tification of individual feature contributions, helping to identify which volatile organic
compounds (VOCs) most influence diagnostic predictions. These methods enhance model
transparency and support biological interpretability by linking computational outputs
with clinically meaningful biomarkers. For imaging- or signal-based DL architectures,
visualization tools such as Grad-CAM (Gradient-weighted Class Activation Mapping) have
been employed to highlight the spectral or sensor regions most responsible for classifi-
cation, further bridging the gap between AI predictions and pathophysiological insights.
Beyond interpretability, robust validation practices are essential to ensure reproducibility
and clinical trust. Although internal cross-validation methods (e.g., k-fold or leave-one-out)
are widely applied, only a minority of studies incorporate external validation or multi-
center datasets, limiting generalizability across populations and devices. Future studies
should adopt standardized validation protocols, include heterogeneous patient cohorts,
and pursue collaborative, multi-institutional datasets to improve robustness and clinical
applicability of AI-driven breath diagnostics.
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5. Conclusions
Machine learning has become a powerful tool in breathomics, enabling non-invasive

disease diagnosis and prognosis through the analysis of VOCs. This review demonstrates
that traditional algorithms such as support vector machines and random forests remain
dominant, while ensemble and deep learning models are increasingly adopted for their su-
perior handling of complex breath data. The integration of ML with analytical and sensing
technologies, such as GC–MS, PTR–MS, SIFT–MS, and electronic noses, has significantly
improved diagnostic accuracy and biomarker discovery.

However, several challenges persist, including the lack of standardized sampling
protocols, limited interpretability of complex models, and the need for larger, multi-center
datasets for external validation. To address these gaps, future research should focus on
developing explainable AI frameworks, harmonized data standards, and collaborative stud-
ies to enhance clinical reliability. Establishing standardized benchmark datasets will be
essential to facilitate model comparison and reproducibility, while the implementation
of federated learning frameworks can enable privacy-preserving collaboration across in-
stitutions and provide access to larger, more diverse datasets. Furthermore, integrating
breathomics with other omics layers, such as genomics, proteomics, and metabolomics,
could unlock comprehensive, multi-dimensional insights for precision diagnostics and
personalized medicine.
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36. Turner, C.; Španěl, P.; Smith, D. A Longitudinal Study of Ammonia, Acetone and Propanol in the Exhaled Breath of 30 Subjects
Using Selected Ion Flow Tube Mass Spectrometry, SIFT-MS. Physiol. Meas. 2006, 27, 321. [CrossRef]
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