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ABSTRACT: This Review examines the potential of breathomics in enhancing disease monitoring
and diagnostic precision when integrated with artificial intelligence (AI) and electrochemical sensing
techniques. It discusses breathomics’ potential for early and noninvasive disease diagnosis with a focus
on chronic kidney disease (CKD), chronic obstructive pulmonary disease (COPD), and lung cancer,
which have been well studied in the context of VOC association with diseases. The noninvasive nature
of exhaled breath analysis can be advantageous compared to traditional diagnostic methods for CKD,
which often rely on blood and urine testing. VOC analysis can enhance spirometry and imaging
methods used in COPD diagnosis, providing a more comprehensive picture of the disease’s
progression. Breathomics could also provide a less intrusive and potentially earlier diagnostic approach
for lung cancer, which is now dependent on imaging and biopsy. The combination of breathomics,
electrochemical sensing, and Al could lead to more personalized and successful treatment plans for
chronic illnesses using Al algorithms to decipher complicated VOC patterns. This Review assesses the
viability and effectiveness of combining breathomics with electrochemical sensors and artificial
intelligence by synthesizing recent research findings and technological developments.

Bl INTRODUCTION technique can analyze both the liquid phase (exhaled breath
condensate) and gaseous phase of breath,” which includes
volatile organic compounds (VOC), it has become popular
due to its ease of access and convenient sample collection.
When dealing with the gaseous phase, VOCs originated from
metabolic activities can act as biochemical fingerprints, offering
insight into the body’s metabolic processes.” A schematic of
how endogenously produced VOCs enter the breath is shown
in Figure 1. Therefore, VOC analysis can help correlate specific
profiles to certain diseases. This noninvasive approach holds
significant promise for early detection and monitoring of
chronic diseases, particularly CKD, COPD, and lung cancer
where early diagnosis is crucial.

Chronic kidney disease poses a severe global health
challenge. It has led to high morbidity and mortality rates,
affecting millions of people. Nephrons, the functional units of
the kidney, are generated only during gestation,” making their
preservation vital. Traditional diagnostic methods such as
serum creatinine and blood urea nitrogen tests often detect
CKD at advanced stages.8 However, breathomics has shown

Chronic diseases are a major public health issue that
significantly contribute to premature deaths worldwide.
Characterized by their long-lasting nature, these conditions
are estimated to cost $47 trillion by 2030." Due to the
significant impact on patients’ quality of life, an increased focus
has been promoted in effective detection and monitoring
strategies for the global burden of chronic diseases. Among
them some of the most pressing concerns are chronic kidney
disease (CKD), chronic obstructive pulmonary disease
(COPD), and lung cancer, posing the need for early diagnosis
and continuous monitoring.

Effective detection, monitoring, and management of chronic
diseases are crucial for improving patient outcomes, enabling
high-quality clinical decisions, and timely treatment. Tradi-
tional techniques such as immunoassays,2 mass spectrometry
(MS),” and genetic sequencing’ often rely on biomarker
analysis. Despite the advanced approaches in these lab-based
techniques, they show limitations, such as long wait times, high
cost, procedural complexity, and the need for specialized
techniques. Emerging technologies like breathomics show
promise in addressing these challenges. Hence, there is a Received: November 3, 2024
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Breathomics is an emerging field focused on noninvasive

disease diagnosis through exhaled breath analysis. While this
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Figure 1. Entrance of endogenously produced VOCs into breath via the bloodstream.
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Figure 2. Integration of breathomics, electrochemical sensing, and artificial intelligence for the noninvasive detection of chronic diseases via breath

biomarkers (VOCs).

potential for early diagnosis. For instance, Chan et al. have
studied the association of breath ammonia and impairment of
renal function.” Banga et al. have developed a ZIF-based
electronic nose (ZENose) for breath ammonia detection in
CKD conditions,'” associated with CKD biomarker. In another
study, Saidi et al. have shown the feasibility of e-nose systems
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to discriminate between breath samples and correlated them to
CKD conditions."" This suggests that breath analysis could
provide a valuable tool for early CKD detection, potentially
improving patient outcomes.

Chronic obstructive pulmonary disease is a progressive

inflammatory lung condition which is primarily diagnosed via
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spirometry' > and imaging techniques;'” they may not capture
the early onset of the disease. Emerging research in
breathomics has shown promise in identifying distinct VOC
profiles associated with COPD, reflecting the underlying
oxidative stress and inflammation. Cazzola et al. have leveraged
e-nose technology and solid phase microextraction associated
with gas chromatography—mass spectrometry to characterize
COPD breath profiles.'* Gaugg et al. and Bregy et al. have
employed secondary electrospray ionization mass spectrometry
(SESI-MS'® and SESI-HRMS'®) to distinguish between
COPD breath and healthy breath samples via breath analysis.
These findings show how breathomics can be utilized to build
breath profiles using COPD breath data, allowing disease
identification at early stages.

Lung cancer originates in epithelial cells of the respiratory
tract, leading to changes in metabolic pathways.'” Breathomics
offers a noninvasive alternative with studies showing its
potential. For instance, Nardi-Agmon et al. demonstrated the
utility of breath analysis in tracking treatment effectiveness
owing to the technique’s short response time.'® Chang et al.
have achieved 75% accuracy in distinguishing lung cancer
patients from healthy controls using VOC analysis."” Capuano
et al. have further highlighted the preservation of VOC
patterns from lung air to exhaled breath, showing the potential
of breathomics as a tool” Bhalla et al. comprehensively
reviewed the breathomics principle and its application
particularly in the lung cancer domain.”’ These studies
underscore the promise of breathomics in overcoming existing
challenges. Hence, continued research is necessary to refine
this technology and incorporate it into clinical settings.

Breath VOCs indicate the disease severity. Al-enhanced
electrochemical sensors detect these biomarkers, enabling the
early diagnosis of conditions like lung cancer. Electronic nose
and breath sensors enable rapid disease detection and
monitoring. For instance, Banga et al. have developed a
room temperature jonic liquid-based gas sensor to detect nitric
oxide in exhaled breath for COVID-19 screening.”” Khatoon et
al. have created an e-nose platform using doped SnO,
nanomaterials to identify VOCs like 1-propanol and isopropyl
alcohol as lung cancer biomarkers.”” Another study by Banga
et al. highlighted the role of electrochemical sensing in
breathomics, particularly for diagnosing acute and chronic
respiratory diseases.”* Hence, electrochemical techniques
provide a method for the analysis of VOC patterns that act
as breath profiles for different disease conditions.

The integration of Al with electrochemistry has gained
attention for its ability to accurately analyze complex VOC
data by using deep learning and machine learning algorithms.
In addition, these algorithms can spot minute patterns that
would be challenging or overlooked by conventional statistical
analysis. Combining breathomics, electrochemical sensors, and
Al enhances the identification and quantification of breath
biomarkers, leading to improved diagnostics and monitoring of
chronic diseases. The incorporation of breathomics, electro-
chemistry, and Al for the noninvasive detection of chronic
diseases is shown in Figure 2.

l CONVENTIONAL APPROACHES FOR DETECTING
BIOMARKERS FOR CHRONIC DISEASES AND
POTENTIAL IN BREATHOMICS APPROACH

While conventional biomarker detection and monitoring

methods are essential, they often face challenges such as long
acquisition times, high costs, the requirement for specialized
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personnel, and procedural complexity. These limitations
highlight the need to investigate innovative approaches.
Exploring the potential in breathomics provides insight into
how these challenges can be addressed and how clinical
practices can be improved.

Detection Techniques for Chronic Kidney Disease
(CKD). Biomarkers are essential to detecting, monitoring, and
evaluating treatment effectiveness in diseases such as CKD.
Thus, traditional biomarkers comprising serum creatinine,
cystatin C, and urine albumin which helps evaluate estimated
glomerular filtration rate (eGFR), along with urine albumin-to-
creatinine ratio (ACR), continue to play a major role in
evaluating kidney function along with early identification of
renal injury. Hence, they improve not only diagnostic accuracy
but also the patient outcomes.” In addition, discoveries in
imaging fields such as high-resolution ultrasound and magnetic
resonance imaging (MRI) have also further improved the
outcomes in CKD management by enabling early detection of
renal pathology.”® Overall, these advances in methods for
detecting biomarkers and imaging techniques significantly
enhance our ability to manage CKD better.

Although the current methods that are used can lead to
better patient outcomes, they also have various limitations
including invasiveness and time consumption, which further
increase healthcare costs. Blood-based tests are invasive. Along
with them, urine tests such as ACR are time-consuming.
Imaging techniques are expensive and pose a risk of radiation
exposure. Therefore, breathomics, which analyzes volatile
organic compounds (VOCs) present in exhaled breath, adds
novelty to these detection and monitoring techniques as a
noninvasive approach to diagnose and monitor various
diseases. Furthermore, the real-time monitoring ability and
the inexpensive nature of breathomics provide an answer to
these challenges, allowing it to be incorporated along with
existing methods to improve patient care and comfort. Studies
in CKD have identified unique patterns of VOCs that are
associated with metabolic changes which result from renal
dysfunction, such as increased levels of ammonia that were
studied by Meng et al.” Their study has reported increasing
levels of ammonia with the progression of kidney dysfunction
with the concentrations ranging from ~636 to ~12781 ppb.
These VOCs are associated with processes such as uremia and
oxidative stress, making the case that breath analysis could
complement traditional biomarkers such as serum creatinine
and urine albumin in early detection and disease monitoring.

Detection Techniques for Chronic Obstructive Pul-
monary Disease (COPD). Biomarkers such as C-reactive
protein (CRP) and fibrinogen play a crucial role in identifying
and tracking the disease. CRP, produced by the liver as an
inflammatory response, is often elevated in COPD patients,
indicating ongoing inflammation.”® Fibrinogen involved in
inflammation and blood clotting correlated with disease
severity and the risk of exacerbations.”” Understanding these
biomarkers helps clinicians monitor disease progression,
predict exacerbations, and tailor treatment plans for individ-
uals.

Due to contemporary technology, COPD detection and
monitoring have greatly improved. Spirometry is a widely used
test that evaluates the volume and flow of air during inhalation
and exhalation to quantify lung function, aiding in the
diagnosis of COPD and tracking the disease’s advancement.'”
High-resolution computed tomography (HRCT) is one
imaging modality that offers precise views of the lungs, making

https://doi.org/10.1021/acsomega.4c10008
ACS Omega 2025, 10, 4187—-4196


http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.4c10008?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

ACS Omega

http://pubs.acs.org/journal/acsodf

EVE

it possible to determine the degree of emphysema and
structural alterations.”® Treatment options comprise cortico-
steroids, which lower inflammation, and bronchodilators,
which relax the muscles surrounding the airways.””*" These
developments set the stage for exploring novel diagnostic
modalities, such as breathomics, for the treatment of COPD.
Current COPD detection and treatment methods are mostly
spirometry and chest imaging; although they have benefits,
they possess limitations such as extensive human effort,
radiation exposure side effects, high costs, and most
importantly real field accessibility. Breathomics, a noninvasive,
inexpensive, and real-time testing method, could address these
challenges by complementing existing technologies. In COPD,
breathomics shows promise for monitoring disease progression
and predicting exacerbations. Studies have identified specific
VOC:s linked to airway inflammation and oxidative stress such
as 14 VOCs identified by Gaid at al.>’ Cazzola et al. have
found a positive correlation between elevated decane levels and
exacerbations.'* Both of these studies focused on identifying
VOCs that could be plausible breath markers in COPD
conditions. However, neither study quantified the concen-
trations at which these VOCs are present in the breath. Further
research would help bridge this gap and better establish the
diagnostic potential of these VOCs. These VOCs provide real-
time insights into disease activity, potentially enhancing
personalized treatment strategies beyond conventional spi-
rometry and imaging techniques.

Detection Techniques for Lung Cancer. In lung cancer,
biomarkers are crucial for detection and monitoring,
significantly improving diagnostic accuracy and guiding
treatment decisions. Some key biomarkers include circulating
tumor DNA (ctDNA),”” circulating tumor cells (CTCs),” and
protein markers like carcinoembryonic antigen (CEA) and
cytokeratin 19 fragments (CYFRA 21-1).>* ¢tDNA and CTCs
help identify specific genetic mutations such as those in EGFR
and KRAS genes, which are essential for personalized
therapies.”> Protein markers are used to evaluate treatment
response and monitor tumor burden, providing a way to track
disease progression and detect recurrence.”” These biomarkers
are vital for advancing personalized medicine and improving
treatment outcomes.

Advancements in lung cancer detection and treatment have
significantly improved the early diagnosis and personalized
care. Low dose computed tomography (LDCT) has proven
effective in screening early stage lung cancer, especially in high-
risk populations.36 Next generation sequencing (NGS) allows
extensive profiling of the genome for molecular diagnostics, by
identifying specific genetic alterations.”” Immunotherapy has
shown success in boosting the immune system to fight cancer
cells, improving survival rates in advanced lung cancer cases.’
Additionally targeted therapies like tyrosine kinase inhibitors
(TKIs) offer personalized treatment by specifically blocking
mutant proteins involved in cancer development.*” All of these
technical developments lead to better patient outcomes, more
precise diagnosis, and efficient therapies.

While techniques like LDCT and target therapies have
advanced detection and treatment, they come with drawbacks
such as high costs, long acquisition times, complex protocols,
radiation exposure, and the need for trained personnel. In
contrast, breathomics offers a noninvasive, low-cost route that
can complement existing tools. Research has shown specific
VOC signatures in lung cancer breath, indicative of underlying
molecular changes and tumor metabolism. For instance, Wang
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et al. reported 16 VOCs and effectively differentiated lung
cancer patients from healthy individuals.*” While their work
identified these 16 markers as potential VOCs related to lung
cancer, the work did not provide quantitative data on the levels
of these VOCs in breath. These findings underscore the
potential of breathomics as a noninvasive screening tool for
early detection and monitoring of treatment response in lung
cancer. This also leaves an important avenue for further
research.

Thus, breathomics has the potential to revolutionize the
treatment of a wide range of diseases as analytical technology
and bioinformatics continue to progress. This is why its
application in clinical practice remains so promising. In the
future, investigating the incorporation of sophisticated electro-
chemical sensors into breathomics provides a possibility to
improve the real-time measurement of VOC biomarkers as
well as their sensitivity and specificity. Furthermore, as the field
expands, new research is emerging incorporating artificial
intelligence (AI) and machine learning (ML) in these sensing
strategies. For instance, Thakur et al. have developed a
predictive model using supervised ML to predict future events
in CKD patients going through dialysis using data like heart
rate, respiratory rate, and heart rate variability from a
noncontact sensor device."' Fernandez-Granero et al. incorpo-
rated Al in predicting exacerbations in COPD patients. The
study has collected data on respiratory sounds using an
electronic sensor, and a predictive model has been developed
for the prediction of exacerbation with a detection accuracy of
78%."” In another study, Binson et al. developed an Al based e-
nose system that can discriminate healthy individuals from
lung cancer individuals. They have been able to achieve
85.38% accuracy with a random forest model, which has been
shown to be better than a logistic regression model.*® AL/ML
has become essential in processing the vast data generated by
these sensors, which enables more precise analysis and
decision-making. Several studies have shown the benefits that
would come with application in healthcare. For instance,
according to Bohr et al. it is projected that AI applications
could reduce annual U.S. healthcare costs by as much as $150
billion by 2026."* The synergy of these technologies has the
potential to completely transform personalized medicine by
giving medical professionals insightful knowledge about the
conditions of patients and how their treatments work.

B ELECTROCHEMICAL SENSING APPROACHES FOR
ENDOGENOUSLY PRODUCED VOCS FOR
SCREENING CHRONIC DISEASE STATES

Electrochemistry transforms chemical interaction into elec-
trical signals for precise analysis, with techniques divided into
Faradaic and non-Faradaic methodology. Faradaic processes
are specific reactions, mainly capturing charge transfer at an
electrode surface when charged particles move from one bulk
phase to another across the metal—solution interface,* while
the non-Faradaic-EIS sensor offers raw measurement of the y
environment of the electrochemical interface.*® Electro-
chemical impedance spectroscopy (EIS) has emerged as a
valuable analytical tool in this domain, facilitating non-
destructive measurements and enabling in situ analysis of
various analytes of medical, environmental, and industrial
significance.”’

Electrochemical techniques are varied based on the system’s
electrochemical nature, with Faradaic sensing relying on redox
activity of a Faradaic probe being used as a signal modulator to

https://doi.org/10.1021/acsomega.4c10008
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provide selective and sensitive outputs for target analytes.*®

EIS is a powerful electrochemical tool which utilizes both a
Faradaic and a non-Faradaic process to cater to a point of care
electrochemical sensing strategy.”’ Faradaic EIS utilizes the
redox activity of the probe, causes a significant charge transfer
phenomenon at the electrode electrolyte interface, and
provides a suitable EIS signal.’® One of the important
applications of EIS in health is to develop next generation
point of care biosensors, which offer excellent stability and
sensitivity. A Faradaic e-chem biosensor is made of suitable
assays of cross-linker, antibody—antigen, and redox probe
where the antibody—antigen interaction is being monitored as
a function of redox charge transfer of the Faradaic probe
used,> represented in Figure 3, where a Faradaic EIS
biosensing scheme has been demonstrated for the detection
of retinol binding protein 4, a type 2 diabetes biomarker.

Y = mab RBP4

=

~-~"= Au coated PCE

i =RBP4

Figure 3. Schematic representation of an EIS based sensor assay for
the detection of picomolar concentration of RBP4, using a Faradaic
redox principle, with Fe(II)/Fe(III) as a redox tag for signal output.
The scheme depicted in the figure is reproduced with permission
from ref S1, copyright Elsevier, 2019.

Redox activity results in charge transfer, which is further
transduced to the electrochemical double layer, duly captured
by EIS. The technique, also known as impedimetry, has been
widely used to fabricate easy point of care biosensors and
utilizes common Faradaic probes such as ferrocene and
K;Fe(CN)¢/K,Fe(CN)4>> There are numerous applications
of impedimetry where probes like DNA-complementary DNA
and antigen—antibody interactions are utilized for the
fabrication of biosensors. Generally, the functionalization of
the electrode is done using suitable chemicals so that the
biomolecule can firmly hold onto the electrode surface. There
are several functionalization techniques such as formation of a
self-assembled monolayer over a gold electrode surface by
functionalization with the thiol group. An indium tin oxide
electrode functionalized with a silane compound was
extensively used. Entrapment or covalent bonding of
biomolecules with the conductive polymer coating of the
electrodes and covalent bonding of the biomolecules with the
nonconductive electropolymerized films are also used explicitly
for immobilization of biomolecules.>® Electrochemical sensing
enables fast, sensitive detection using minimal sample volumes.

Other applications of Faradaic biosensing include ampero-
metric glucose biosensing applications. The technique is
governed by the Cottrell equation. Using this technique,
amperometric sensors have been developed and utilized
explicitly by the scientific community.”” Point of care detection
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of glucose from saliva or sweat with mediator free noninvasive
methods had been the characteristic feature of the third-
generation devices. Various authors have reviewed this timeline
extensively.”**” A fundamental concept in the development of
novel biosensors and bioelectrocatalytic devices is mediator-
free direct electron transfer between a redox protein’s active
core and the electrode, depicted in Figure 4.°*°° The

Glucose + 0,  Gluconate + H,0,

MOF building block

@ -

Zn?**  2-methylimidazole

Glucose oxidase

AuNPs

FAD + 2H* + 2e

FADH,

Figure 4. Amperometric glucose sensor utilizing GOx as a Faradaic
probe for tandem sensing applications. The figure is reproduced with
permission from ref 54, copyright American Chemical Society 2018.

transducer plays the most important role in the sensing
operation and should be aligned with the application principle,
too. One of the important aspects that generally appears in
biosensing operations is material toxicity, and in most cases,
biomaterials are chosen as the standard transducer. Although a
noninvasive application like breathomics is mainly ex situ, 2D
porous materials are well chosen for this.

In contrast, non-Faradaic sensing is an electrochemical
technique that detects changes in the electrical properties of a
sensor’s surface without involving direct electron transfer
between the analyte and the electrode.”” This method is
fundamentally based on measuring variations in capacitance or
impedance that occur when VOCs interact with the sensor’s
surface.”® Non-Faradaic sensors enable real-time VOC
monitoring without redox reactions, ideal for rapid breath
analysis in noninvasive diagnostics. Chronoamperometry
measures current overtime at fixed voltage, revealing how
VOC:s interact with electrode surfaces through adsorption and
desorption. In the context of chronic disease detection,
chronoamperometry offers several key benefits.”” Chronoam-
perometry measures VOC concentrations by tracking the
electrical current over time. This is particularly important for
diseases like diabetes, where the concentration of acetone in
the breath can correlate with blood glucose levels.®'

The diffusion of VOCs across the electrode—electrolyte
interface is a critical factor influencing the performance of
electrochemical sensors.”” Understanding and optimizing this
diffusion process are essential for enhancing sensor sensitivity
and response time. The rate of diffusion of VOCs to the
electrode surface can be a limiting factor in the sensor
response. Employing techniques such as microfabrication to
create nanostructured electrodes can enhance mass transport
and improve sensor performance by increasing the effective
surface area and promoting rapid diffusion of VOCs.**
Modifying the electrode surface with nanomaterials, like gold
nanoparticles, carbon nanotubes, or graphene, can enhance the
diffusion of VOCs.**~® These materials provide a high surface
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Figure 5. Comprehensive scheme of the combination of electrochemistry, machine learning, and artificial intelligence.

area and can facilitate faster electron transfer, improving the
overall sensitivity and selectivity of the sensor. Zinc imidazole
frameworks (mainly ZIF-8) have been extensively used in
electrochemical sensing applications, especially in the field of
breathomics.®* ZIF-8 stands out for its highly tunable and well-
defined pore structure.”” This allows for precise control over
the pore size, a crucial feature for selectively capturing
molecules. This characteristic makes ZIF-8 ideal for
applications such as breath analysis, where researchers aim to
detect specific volatile organic compounds (VOCs) in exhaled
breath. The high surface area of ZIF-8, combined with its
microscopic channels, facilitates the selective adsorption of
targeted breath components.”® Other materials, including
room temperature ionic liquids, can be promising candidates,
which also have similar throughput.”” This interaction leads to
measurable changes in the electrochemical signal, enabling
detection. Our research group has demonstrated the
effectiveness of a custom-designed ZIF-8-based transducing
element for the precise and selective identification of various
VOCs and inorganic gases.24

In research done by Banga et al, the researchers
incorporated ferrocene inside ZIF-8 to use it as a Faradaic
probe and demonstrate its application in ammonia sensing.'’
This hybrid Faradaic probe, driven by the chronoampero-
metric principle, successfully detected ammonia gas at very low
levels (400 ppb) while demonstrating high sensitivity and
specificity. In subsequent work, the researchers synthesized a
non-Faradaic probe by incorporating RTIL inside the ZIF-8
pore and using the hybrid material for isopentane sensing.”’
The authors employed [BMIM]BF,@ZIF-8 to sense iso-
pentane levels associated with lung cancer, ranging from 600
ppb to 12 ppm. The findings show an increase in the cathodic
current corresponding to higher isopentane concentrations,
indicating that the diffusion process influences the electro-
chemical microenvironment. This results in a greater number
of species diffusing across the interface and an enhanced level
of interaction. The study displays the operational efficacy and
practicality of an internet of things (IoT)-centered micro-
electronic prototype.

In another work, Banga et al. synthesized ZIF-8/graphene
oxide nanocomposite for sensing carene vapors in the case of
lower respiratory tract related infections.”’ ZIF-8 provides a
high surface area and porosity, facilitating the adsorption and
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diffusion of carene molecules. Graphene oxide (GO) enhances
electrical conductivity and mechanical stability, improving the
sensor’s overall performance. An in situ synthesis approach was
taken for the synthesis of ZIF-8/GO hybrid composite. The
ZIF-8/GO-modified sensor platform shows high sensitivity
and specificity toward carene, achieving detection limits as low
as 100 parts per billion due to the large surface area and
porosity enabling effective adsorption and diffusion of carene
molecules.

Moreover, influenza is a prevalent infection that spreads
easily and requires early screening. Isoprene levels can serve as
an indicator of oxidative stress resulting from respiratory
inflammation. To address this, a AuNP@ZeNose platform,
where gold nanoparticles (AuNPs) are encapsulated within the
cavities of ZIF-8, is designed for screening isoprene levels as a
biomarker for influenza, enabling noninvasive flu detection
through breath analysis.”” Thus, electrochemical sensing
integrated with breath analysis enables real-time disease
monitoring, offering enhanced precision and improved patient
outcomes through advanced VOC detection.

B IMPLEMENTATION OF BIOSENSORS UTILIZING

ARTIFICIAL INTELLIGENCE FOR BREATHOMICS

Al and ML analyze electrochemical sensing data using neural
networks and regression to detect patterns and make precise
disease-related decisions. They enable task automation without
human intervention, thereby increasing efficiency, saving
analysis time, and reducing associated costs.””’* AI/ML can
analyze large volumes of data quickly, providing insights into
data patterns and trends and aiding in process optimization.
Moreover, they can process data with high accuracy and
consistency, minimizing errors.””’* Researchers can utilize Al/
ML to explore vast data sets and perform complex simulations
and analyses, aiding understanding of underlying phenomena
or data trends, depicted as a scheme in Figure 5
Multidimensional data collected from hospitals, laboratories,
and wearable devices can be leveraged to build predictive and
prognostic models using statistical and deep learning
techniques. AI/ML techniques have been employed for
proteomic and metabolic profiling of diseases like COVID-19
and various cancer types.”” Statistical and mathematical models
are often used to extract chemical information and design
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experiments in analytical chemistry, which can be extended to
the extraction of quantitative and qualitative information from
electrochemical sensors. These AI/ML techniques can be
implemented to enhance the sensing performance in various
steps:

(1) Preprocessing of electrochemical data, including correct-
ing baseline, reducing noise, and normalizing collected
signals

(2) Electrochemical features like steady-state current, open
circuit potential, impedance, and peak characteristics
from VOC interactions with sensor surfaces are analyzed
and fed to the model to extract critical sensor data.

(3) Choosing appropriate AI/ML models based on the type,
volume, and complexity of data for accurate prediction.
Examples include support vector machines (SVM),
random forest, gradient-boosting networks, Naive-
Bayes, decision trees, and neural networks.

(4) Training the models with extracted data set features,
optimizing model parameters rigorously to improve
prediction efficacy and minimize errors

(5) Validating the performance of the trained model by
presenting it with new real-time data, enabling
adaptation to new VOCs by learning from existing
training data sets. Here performance metrics such as
accuracy, area under the curve (AUC), and Fl-score are
measured.

(6) Constantly monitoring the model’s accuracy and tuning
its parameters to enhance its performance

(7) Integration of the designed models with relevant

hardware and software systems for deployment in real-
time breath VOC detection
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Classification algorithms, including random forests, support
vector machines (SVM), and neural networks, are utilized to
classify breath samples into healthy or diseased categories
based on the presence or absence of target VOCs.”> Regression
techniques such as linear regression, polynomial regression,
lasso regression, and ridge regression are employed to model
the relationship between the concentration of breath VOCs
and the electrochemical output signal, allowing for forecasting
of breath biomarker concentrations. Techniques such as
principal component analysis (PCA)’° and t-distributed
stochastic neighbor embedding (t-SNE) are used to reduce
the complexity of the data while retaining important features.
Feature extraction algorithms, such as time and frequency
domain analysis and wavelet transform, are utilized to identify
characteristic features associated with the target VOCs.
Ensemble learning techniques like AdaBoost, gradient
boosting, or bagging are employed to enhance prediction
capabilities by combining the strengths of multiple models
compared to a single model, particularly beneficial for noisy
data sets. These methods improve the model’s robustness and
stability and reduce bias and variance, resulting in more
accurate predictions. A study by Sardesai et al. demonstrated
the successful use of machine learning, with Naive Bayes and
decision tree algorithms to analyze sensor data for sepsis
prognosis (Figure 6).

Data from a POC sensor platform for multiplexed cytokine
detection have been integrated with AI models to support
patient stratification and personalized treatment via study
protein and patient state correlation. The selected models,
Naive Bayes and decision tree algorithms have shown 96.64%
and 94.64% accuracy respectively highlightin% the potential for
patient stratification via biomarker profiling.® Sankhala et al.
have shown the design of a decision tree regression model to
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predict real-time sweat glucose levels from wearable sensor
data using passively expressed eccrine sweat. The model has
successfully integrated raw impedance signals with factors such
as temperature and relative humidity to track and report sweat
glucose trends.”” Deep learning methods such as convolutional
neural networks (CNNs) and recurrent neural networks
(RNNs) are popular due to their ability to automatically
extract hierarchical features from raw data without the need for
manual feature extraction, enabling the capture of complex
data patterns. For instance, Kang et al. have incorporated CNN
to overcome the challenge of low selectivity in semiconductor
metal oxide (SMO) gas sensors. Sensor data have been used in
matrix form as the input for the learning algorithm to conduct
pattern recognition of the sensor responses.’”” With the
selected deep learning network, the study has been able to
achieve real-time selective gas detection with an accuracy of
98%.

Among these different Al and ML techniques that are
utilized, a major distinction lies in supervised and unsupervised
learning. Supervised learning techniques, which are widely
used, rely on labeled data sets to train models. On the contrary,
unsupervised learning techniques complement by analyzing
unlabeled data to reveal hidden patterns. This approach
enables more comprehensive analysis of large data sets,
especially in the space of breathomics with help in overcoming
challenges such as data variability.”” Therefore, this synergy
between advanced sensing technologies and intelligent data
processing sets the stage for the next generation of diagnostic
tools for chronic disease management.

B CONCLUSION

Utilizing the analysis of volatile organic compounds (VOC) in
exhaled breath, breathomics presents promising advancements
in disease diagnostics and management. The noninvasive
approach in detecting biomarkers associated with CKD,
COPD, and lung cancer improves patient outcomes and
healthcare costs. Electrochemical sensing systems help decode
these biomarkers by converting them to electrical signals.
Furthermore, integrating AI into this equation helps to
enhance the diagnostic accuracy of breathomics. It helps
bridge the gap between raw data and actionable insights. The
noninvasive nature of breathomics and analytical power of Al,
combined with the sensitivity and specificity of electrochemical
sensing, hold great potential in disease diagnosis and
monitoring. In addition to chronic diseases addressed in this
Review, with more research, similar relationships between
changes in biological pathways upon disease onset and the
resulting breath profiles can be built for other diseases as well.
Ultimately, this knowledge can be incorporated to build
sensing platforms targeting specific biomarkers, expanding this
technology beyond chronic kidney disease, chronic pulmonary
disease, and lung cancer.
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