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Advanced breath analysis through
hierarchical deep convolutional neural
network for multi-cancer screening
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Breath analysis offers a promising noninvasive strategy for early cancer detection by capturing
disease-specific volatile organic compound (VOC) signatures in exhaled breath. In this study, we
developed a hierarchical deep convolutional neural network (HD-CNN)-based platform for dual-
cancer classification using a multimodal gas sensor array. Clinical breath samples were collected from
206 participants, including 67 healthy controls (HC), 78 lung cancer (LC), and 61 gastric cancer (GC)
patients. The sensor array, composed of semiconductor metal oxide (SMO), electrochemical (EC), and
photoionization detector (PID) sensors, generated time-resolved signals that were converted into 2D
response maps for classification. The HD-CNN model employed a two-stage structure: a coarse
classifier to distinguish HC from cancer patients (CP), followed by a fine classifier to separate LC and
GC. In 5-fold cross-validation, the HD-CNN achieved classification accuracies of 82.1% (HC), 84.0%
(LC),and 88.1% (GC), and average AUCs of 0.89, 0.92, and 0.89, respectively. Comparedto a 1D CNN,
the HD-CNN demonstrated superior class separability, increased prediction confidence, and overall
enhanced performance. Additionally, we evaluated multiple coarse—fine configurations and found that
isolating HC in the first stage resulted in the highest overall performance. These results support the
utility of hierarchical learning and multimodal sensing for robust and scalable breath-based multi-

cancer screening.

Cancer is one of the leading global health threats of the twenty-first century,
accounting for over 16% of all deaths and nearly one-third of premature
deaths from noncommunicable diseases in adults aged 30-69. It ranks
among the top three causes of mortality in the majority of countries
worldwide, posing a substantial burden on both public health and health-
care systems. Lung cancer (LC) and gastric cancer (GC) are among the most
lethal malignancies worldwide, ranking first and fifth in cancer-related
deaths, respectively'~. According to statistics, LC accounted for approxi-
mately 18.7% of all cancer deaths, and GC caused an estimated 660,000
deaths in 2022. Both cancers continue to pose a significant global health
burden due to frequent late-stage diagnoses and poor 5-year survival rates*.
It highlights the need for noninvasive early detection technologies to
improve clinical outcomes and reduce mortality.

Breath analysis has recently emerged as a promising alternative to
conventional cancer diagnostics due to its noninvasive nature, simplicity,
and potential for real-time application® . This technique captures volatile
organic compounds (VOCs) present in exhaled breath, which are

byproducts of metabolic processes and can serve as disease-specific
biomarkers'* . Because cancer alters cellular metabolism, the composi-
tion of exhaled VOCs can differ significantly between healthy individuals
and cancer patients. These biochemical alterations provide a valuable
diagnostic signature, enabling breath-based sensing platforms to detect
pathological states without the need for invasive procedures.

Previous studies have demonstrated the feasibility of breath analysis for
diagnosing specific cancers such as LC”™, GC™***, and breast cancer”””.
However, most of these investigations have been focused on single-cancer
detection using binary classification models. In clinical practice, multiple
cancer types may present with overlapping metabolic features or co-exist in
high-risk populations® . Therefore, the development of a diagnostic
platform capable of simultaneously identifying multiple cancer types from a
single breath sample represents a critical step toward practical, scalable
cancer screening. Such a system could not only reduce diagnostic burden
but also improve accessibility and cost-efficiency across diverse clinical
settings.
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Fig. 1 | Schematic illustration of breath-based
cancer diagnosis using a hierarchical deep

learning model. a Exhaled breath from healthy \
controls (HCs), lung cancer (LC), and gastric cancer 1
(GC) patients is analyzed using a multimodal gas -
sensor array to generate time-resolved breathprints.
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b The sensor signals are preprocessed into response
maps and classified using a hierarchical deep con-
volutional neural network (HD-CNN) consisting of
a coarse classifier and a fine classifier.
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Accurate multi-cancer diagnosis based on breath analysis, however,
presents several challenges. The biomarkers of different cancers may be
partially overlapping or subtly distinct, and their representation in sensor
responses can vary across individuals”. Traditional machine learning models
often struggle to extract and generalize these complex patterns™ ™. To
overcome these limitations, more advanced deep learning techniques are
required—models that go beyond traditional machine learning or shallow
architectures in their ability to extract and generalize from complex, high-
dimensional input data. Cancer-related breath profiles often contain subtle,
nonlinear, and overlapping features that vary across individuals and disease
stages. Therefore, a robust classification system must be capable of modeling
such intricate patterns with high sensitivity and specificity. Recent advances in
deep learning, including attention mechanisms, residual networks, ensemble
learning, and hierarchical architectures, offer powerful tools to capture these
complex relationships. By enabling deeper representation learning and more
flexible decision boundaries, these models can significantly enhance multi-
class discrimination performance and are particularly well-suited for tasks
such as multi-cancer classification from breath-based VOC patterns.

In this study, we developed a breath-based diagnostic platform for
dual-cancer classification by integrating a multimodal gas sensor array with
a hierarchical deep convolutional neural network (HD-CNN), as illustrated
in Fig. 1. Exhaled breath samples from patients with LC, GC, and healthy
controls (HCs) were analyzed using an electronic nose system equipped
with a multimodal sensor array composed of semiconductor metal oxide
(SMO), electrochemical (EC), and photoionization detector (PID) sensors.
This heterogeneous sensor configuration enhances the system’s capability to
capture complex and subtle biochemical signatures associated with specific
diseases. The collected sensor responses were converted into 2D response
maps through preprocessing, and subsequently classified using a two-stage
HD-CNN framework. The model consists of a coarse classifier that first
distinguishes HCs from cancer patients, followed by a fine classifier that
differentiates between LC and GC. To validate the performance of the
proposed HD-CNN, we compared it with a conventional single one-
dimensional convolutional neural network (1D CNN) model. In addition,
multiple coarse—fine configurations were evaluated to identify the optimal
HD-CNN architecture achieving the highest classification accuracy.

Results and discussion

Development of a breath analyzer with a multimodal sensor array
To enable robust and real-time detection of VOCs in exhaled breath, we
developed an upgraded breath analysis system based on our previous

prototype™. Figure 2a shows a 3D rendering of the developed system. While
the overall chamber geometry and multimodal sensor layout were retained
to maintain fluidic uniformity, several key modifications were implemented
to improve measurement reliability and facilitate system scalability.

First, the thermal control system was significantly improved. In the
previous version, prolonged operation led to degradation of the Tenax
sorbent tube due to overheating and thermal instability. To address this,
the heating unit was redesigned to incorporate closed-loop control with
precise thermal feedback, effectively preventing overheating while
maintaining consistent desorption efficiency. This modification ensures
reproducible VOC release and extends the lifespan of the sorbent tube.
Second, to reduce susceptibility to ambient temperature fluctuations, the
gas sensor chamber—which was previously exposed to the external
environment—was enclosed within a thermally insulated housing. This
structural enhancement minimizes baseline drift caused by external
thermal perturbations, thereby improving signal stability during
extended measurements. Figure 2b illustrates the complete system
architecture, including the thermal control design. Third, signal acqui-
sition performance was enhanced through the integration of a custom
Field-Programmable Gate Array (FPGA)-based analog-to-digital con-
verter (ADC) board. The structure of the FPGA-based ADC PCB is
illustrated in Fig. 2c. Unlike previous microcontroller-based systems
limited by sequential processing and constrained sampling rates, the
FPGA enables true parallel signal processing. It allows high-speed,
independent data acquisition across multiple sensor channels. As a
result, the system achieves higher signal fidelity and improved temporal
resolution. In addition, it supports integration of heterogeneous sensor
types and offers modular scalability for future expansion. A multi-
channel power management system with noise isolation was imple-
mented to supply stable and independent power to each sensing module
and control unit. This design ensures consistent system performance
while effectively minimizing electrical interference. Figure 2d presents
the main control PCB, including digital signal processing logic, power
converters for optimized multi-sensor operation, and additional com-
putational resources for advanced signal analysis. The complete hard-
ware block diagram is illustrated in Fig. 2e. It shows the parallel
acquisition of sensor signals via 16-bit ADCs and real-time processing
through an FPGA module. The digitized data are then transmitted to the
main controller for classification and system control. The buffer
amplifier, as shown in Fig. 2e, is used as a voltage follower after the front-
end gain stage. It provides: (1) load isolation and drive—decouples the
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Fig. 2 | System hardware overview of the developed breath analysis platform.a 3D
rendering of the complete breath analysis device. b Internal layout of the system,
including gas chamber, sampling module, temperature controller, and embedded
PC. ¢ FPGA-based ADC board composed of a signal amplifier block, FPGA block,

ADC block, and MCU block. d Main control board containing power management,
communication I/O, and PLC interface blocks. e System-level block diagram that
illustrates the configuration of 16-bit ADC channels and parallel data acquisition
through an FPGA.

high-impedance network from the ADC sampling cap; (2) low output
impedance—reliably drives multi-channel capture and anti-alias RC; (3)
preserved stability/bandwidth—isolates variable loads.

Despite these modifications, the gas sensor chamber retains the same
internal dimensions (30 x 10 x 4 cm) and edge-chamfered structure as in
our previous study”, preserving the uniform gas distribution confirmed
through prior flow simulations. The multimodal sensor array was reconfi-
gured by incorporating previously validated sensors, along with several
improvements to enhance performance. Supplementary Fig. 1 presents the
output values for each sensor in the implemented system upon exposure to
standard gases. The test gases (ethanol and NO,) were each evaluated at
concentrations of 150, 300, 600, and 1200 ppb. Sensor responses varied
depending on both gas concentration and type, demonstrating the potential
to distinguish different gases and their levels through pattern analysis. These
improvements over previous work result in a more stable and scalable

hardware platform. The system acquires high-resolution breath profiles
with high reproducibility and provides a solid foundation for accurate
disease classification through deep learning models.

Analysis of demographic information and clinical breath samples
A total of 206 participants were included in this study, comprising 67 HC, 78
LC, and 61 GC. The sex and age distribution for each group is presented in
Fig. 3a. Participants were well-balanced across age groups and included both
male and female individuals. The cancer cohorts covered various clinical
stages, with the majority diagnosed at early stages (I and II), as shown in Fig.
3b. To validate the feasibility of early detection using our platform, we
collected breath samples from a larger number of patients diagnosed at early
stages.

Figure 3c shows that the multimodal sensor array generated distinct
response patterns across HC, LC, and GC. The breath sample desorbed from
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Fig. 3 | Clinical dataset summary and gas sensor responses. a Distribution of
participants in the HC, LC, and GC groups by sex and age. A total of 206 participants
were included: 67 HC, 78 LC, and 61 GC. b Cancer stage distribution of LC and GC
patients. Most patients were diagnosed in early stages (I and II), with a smaller

Time (s)

number in advanced stages (III and IV). ¢ Representative sensor responses of the
multimodal gas sensor array for each group. Transient responses are shown for
semiconductor metal oxide (SMO), electrochemical (EC), and photoionization
detector (PID) sensors.

the Tenax tube enters the sensor chamber around 900 s into the measure-
ment, and most sensors show peak responses near 1100 s. Variations in
response value and time across the multimodal sensor array were attributed
to their differing sensitivity to specific VOCs present in exhaled breath. Each
sensor detects a distinct subset of chemical compounds, resulting in unique
response patterns depending on the breath composition of each subject. Asa
result, some sensors responded more strongly or more rapidly in certain
patient groups. Specifically, the sensors showed differences in response, peak
time, and recovery time. SMO#2 (blue), SMO#4 (cyan), and SMO#5 (green)
showed larger response changes in LC and GC compared to HC. In addi-
tion, EC#2 (sky blue) and EC#9 (brown) showed stronger responses in
cancer patients. The variability among sensors contributes to diverse
response patterns, enabling more detailed characterization of exhaled
breath. Such diversity enhances the diagnostic accuracy of the system,
particularly in distinguishing between disease states like LC and GC.

Compared to the previous breath analyzer”, the overall sensor
responses have increased in magnitude, and the signals show smoother
transitions with reduced noise. Notably, the peak response time has sig-
nificantly decreased, suggesting that the system can now capture more
informative and dynamic changes in VOC profiles within a shorter mea-
surement period.

Each sensor in the multimodal array is designed to respond to specific
volatile compounds such as ethanol, isobutanol, formaldehyde, carbon
monoxide, and hydrogen sulfide””. However, the exhaled breath of cancer
patients generally contains a complex mixture of numerous VOCs origi-
nating from diverse metabolic pathways. As a result, the variations observed

across sensors represent composite chemical interactions. Therefore, we
focus on the overall “breathprint” pattern that reflects integrated metabolic
signatures, rather than targeting individual VOCs.

Construction of an HD-CNN model of dual-cancer screening

To classify breath samples into HC, LC, and GC groups, we developed an
HD-CNN model designed to process time-series gas sensor data. As illu-
strated in Fig. 4, the overall pipeline begins with the collection of clinical
breath samples using a multimodal gas sensor array composed of 19 indi-
vidual channels, including SMO, EC, and PID sensors. The sensor array
generates a variety of time-series responses depending on the VOC profile of
each breath sample. The raw signals obtained from the multimodal sensor
array were first normalized and temporally cropped to a fixed window,
producing 2D input response maps of size 19 x 1800 (sensor x time). The
cropped data corresponded to the time segment from 900 to 2700 s, starting
from the point when the breath sample entered the sensor chamber. Sup-
plementary Fig. 2 shows examples of the input response maps for each
group. Heatmaps visualize the normalized sensor responses over time for
HC,LC, and GC. Each class exhibits distinct signal intensity patterns, which
indicate temporal variations in VOC interactions among groups. In parti-
cular, a clear contrast in response characteristics is observed between the
SMO sensor array and the PID + EC sensor array.

To ensure generalizable model performance and minimize overfitting,
we employed 5-fold validation. In each fold, 80% of the data were used for
training and 20% for validation, with participant-level stratification based
on disease class (HC, LC, and GC) to maintain class balance across folds.
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Fig. 4| Schematic illustration of the HD-CNN-based breath analysis workflow for
multi-cancer dual-cancer classification. Clinical breath samples were collected
using a multimodal gas sensor array. Raw sensor signals were normalized and
cropped to form 2D input response maps (19 sensors x 1800 time points). Input data
were split using a 5-fold cross-validation scheme for robust model training and

validation. The HD-CNN consists of a coarse classifier that distinguishes HC from
cancer (LC + GC), followed by a fine classifier that differentiates between LC and
GC. A probabilistic averaging layer integrates the outputs from both classifiers to
generate the final three-class prediction.

Other demographic variables such as age, sex, and cancer stage were not
explicitly used as stratification criteria due to the limited sample size, but
their distributions were confirmed to be comparable across folds. The core
of the classification architecture is an HD-CNN model composed of two
independently trained classifiers: a coarse classifier and a fine classifier. First,
the coarse classifier performs binary classification to determine whether a
sample belongs to the HC class or cancer patient class (LC + GC). Samples
predicted as cancer are subsequently passed to the fine classifier, which
further discriminates between LC and GC. Both classifiers employ identical
feature extraction layers consisting of two convolutional layers with batch
normalization and LeakyReLU activation, followed by fully connected
layers and dropout regularization (p = 0.65 for coarse and p = 0.5 for fine).
The dropout values were empirically optimized based on model stability and
validation performance. Through comparative experiments with multiple
dropout combinations, the selected configuration provided the best balance
between sensitivity and specificity. To produce the final classification result,
a probabilistic averaging layer combines the output probabilities from both
classifiers. Specifically, the probability of a sample belonging to the HC class
is directly determined by the output of the coarse classifier. In contrast, the
probabilities for LC and GC are calculated by multiplying the cancer
probability from the coarse classifier by the class probabilities generated by
the fine classifier. This probability integration method was adapted from a
previously proposed hierarchical classification approach™.

To evaluate the effectiveness of the proposed HD-CNN architecture,
we compared its performance with a conventional 1D CNN model using
5-fold validation. Figure 5 summarizes the classification results of both
models across various performance metrics. The scatter plots in Fig. 5a, d
show the predicted class probabilities generated by the 1D CNN and HD-
CNN models, respectively. The predicted probability for each individual
sample is illustrated in Supplementary Fig. 3. In the 1D CNN model, pre-
dicted probabilities were relatively dispersed across all classes, with many
samples clustered near the decision boundary, indicating uncertainty in
classification. In contrast, the HD-CNN model yielded probabilities close to
0 or 1 for most samples, resulting in clearly distinguishable class predictions
with higher confidence. The clarity of class separation can be more precisely
examined in the graphs shown in Supplementary Fig. 3.

Figure 5b, e presents the confusion matrices for both models. The 1D
CNN achieved an accuracy of 71.6% for HC, 79.8% for LC, and 80.3% for

GC. However, it misclassified 14.9% of LC samples as HC and 16.4% of GC
samples as LC, indicating that distinguishing between abnormal classes
remains challenging for a flat classifier. The HD-CNN significantly
improved classification performance, with 82.1% accuracy for HC, 84.0%
for LC, and 88.1% for GC. Misclassification rates between LC and GC were
notably reduced. This result indicates that the hierarchical approach is
effective in resolving inter-class ambiguity by simplifying the classification
task into sequential decisions and improving class separability.

Receiver operating characteristic (ROC) curve analysis was also con-
ducted to further assess the model’s classification performance. One-vs-rest
analysis was performed for each class, and the average performance across
the 5-fold validation, along with the corresponding 95% confidence inter-
vals, was shown in Fig. 5¢, f. The 1D CNN yielded AUC values of 0.75 for
HC, 0.87 for LC, and 0.91 for GC. In contrast, the HD-CNN achieved higher
AUC:s across all classes: 0.89 for HC (95% CI: 0.84-0.94), 0.92 for LC (95%
CI: 0.88-0.97), and 0.89 for GC (95% CI: 0.85-0.92).

Figure 5g, h shows radar plots comparing four key performance
metrics, including accuracy, precision, recall, and Fl-score. The plots
demonstrate that the HD-CNN consistently outperformed the 1D CNN on
both training and validation datasets. Especially in the validation dataset, the
performance gap was particularly evident in recall and F1-score, reflecting
the HD-CNN’s improved capability to correctly identify positive cases and
maintain balanced classification across all three classes.

Compared to single-path classification models such as 1D CNN, the
HD-CNN architecture offers a more structured and flexible approach to
handling complex multi-class problems. While 1D CNNis extract temporal
features through end-to-end learning and stacked convolutional layers, they
often face challenges in capturing inter-class differences. In particular, the
changes in VOC composition in exhaled breath are often subtle, making the
boundaries between classes less distinct and more difficult to separate. In
contrast, HD-CNN decomposes the classification task into a two-stage
hierarchy, where a coarse classifier first separates HCs from cancer patients,
followed by a fine classifier that distinguishes between cancer subtypes. This
hierarchical separation allows each classifier to focus on a simpler decision
boundary, which improves robustness and interpretability. Furthermore, by
isolating cancer subtype classification from healthy and abnormal dis-
crimination, the model reduces confusion between similar classes and
enhances sensitivity for minority classes.
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d-f Corresponding results of the HD-CNN model on the 5-fold cross-validation
dataset. d Scatter plots of predicted probabilities, e confusion matrix, and f one-vs-
rest ROC curves and AUC values of the HD-CNN model. Radar plots comparing
accuracy, precision, recall, and F1-score between two models for g training dataset,
and h validation dataset.

For more comparative evaluation, we implemented additional baseline
models: (i) a ResNet with residual blocks and global average pooling, and (ii)
a Transformer encoder with multi-head self-attention and position
encodings. All models used the same input dataset, normalization, class-
weighting, optimizer, learning-rate scheduler, and 5-fold validation as the
HD-CNN. Hyperparameters were tuned within the same search ranges as
the HD-CNN. Supplementary Table 1 summarizes model parameters,
classification accuracy, and F1-score for the training and validation datasets.
HD-CNN achieved 84.7% accuracy and F1 = 0.85, whereas ResNet achieved
78.4% accuracy and F1 = 0.78, and the Transformer achieved 79.3% accu-
racy and F1=0.79. This result indicates that hierarchical coarse-to-fine
inference provides additional discriminative power over non-hierarchical
backbones despite comparable model sizes.

To investigate the possibility of sensor optimization and array reduc-
tion, we analyzed the relative contribution of each sensor using SHapley
Additive exPlanations (SHAP) values derived from both CNN and HD-
CNN models. As shown in Supplementary Fig. 5, the two models exhibited
highly consistent patterns of sensor importance, indicating that both
architectures relied on similar feature sources within the multimodal array.
Based on this analysis, the top 10 sensors showing the highest mean [SHAP
values| were selected for further evaluation. Using only these ten most
informative sensors, we retrained the HD-CNN model to assess its

classification capability under a reduced-array condition. As presented in
Supplementary Fig. 6a, the confusion matrix demonstrates that the opti-
mized model maintained strong discriminative performance across all three
classes, achieving accuracies of 74.6% for HC, 81.9% for LC, and 83.6% for
GC. The one-vs-rest ROC curves in Supplementary Fig. 6b show corre-
sponding AUCs of 0.82 (95% CI: 0.76-0.88) for HC, 0.9 (95% CI: 0.89-0.94)
for LC, and 0.88 (95% CL 0.81-0.94).

Although the reduced-sensor model maintained recognizable class-
specific patterns, its overall validation accuracy and ROC-AUC values were
lower than those obtained using the full sensor array. The performance
degradation was primarily attributed to the loss of complementary infor-
mation among heterogeneous sensor modalities. These results suggest that
while a smaller subset can extract key diagnostic features to a certain extent,
comprehensive pattern representation and generalization capability are
better preserved when the full multimodal sensor array is employed.

Performance comparison between coarse and fine classifiers

For further analysis of hierarchical structure on classification performance,
we tested three different coarse-fine configurations in the HD-CNN model
(Fig. 6). In all configurations, the hierarchical design allowed the model to
split the original three-class problem into two sequential binary tasks.
However, the order of class separation and the role of each classifier differed,
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Fig. 6 | Confusion matrices of hierarchical classification results using different
coarse-fine configurations. a Coarse classifier distinguishes HC from CP (LC +
GC), and a fine classifier differentiates LC from GC. b Coarse classifier separates GC

from non-GC (HC + LC), and fine classifier distinguishes HC from LC. ¢ Coarse
classifier separates LC from non-LC (HC + GC), and the fine classifier distinguishes
HC from GC.

which influenced both overall accuracy and the balance between class-
specific performance. In the first structure (Fig. 6a), the coarse classifier was
trained to separate HC from cancer patients (CP = LC 4 GC), followed by a
fine classifier to distinguish between LC and GC. This configuration yielded
the best fine classification performance, with 95.1% accuracy for LC and
98.1% for GC. The coarse classifier achieved 82.1% accuracy for HC and
85.9% for CP. The clear advantage of this structure lies in the ability of the
coarse classifier to isolate healthy individuals. This separation allows the
second-stage classifier to focus on the distinction between cancer subtypes,
which reduces task complexity and improves classification accuracy. In
particular, the fine classifier that distinguishes between LC and GC achieves
remarkably high accuracy. This strong performance significantly enhances
the stability and reliability of the model.

In the second structure (Fig. 6b), the coarse classifier was designed to
distinguish GC from non-GC (HC + LC), and the fine classifier classified
HC and LC. While the coarse classifier maintained good performance for
GC (88.5%), the fine classifier struggled with distinguishing HC from LC,
showing 77.2% and 84.4% accuracy, respectively. Separating GC at the
coarse level improves its classification accuracy, but the model shows
reduced performance in distinguishing HC from LC, likely due to over-
lapping breath profiles.

In the third structure (Fig. 6¢), the coarse classifier was trained to
distinguish LC from non-LC (HC + GC), followed by a fine classifier to
differentiate between HC and GC. The coarse classification achieved 78.7%
accuracy for LC and 85.9% for non-LC. In the fine stage, the model reached
88.2% accuracy for HC and 85.0% for GC. While this configuration
maintained relatively balanced performance across both stages, it showed
lower fine-stage accuracy compared to the first structure, particularly in
separating HC from GC. This result suggests that the similarity between HC
and GC breath profiles may hinder precise discrimination.

Overall, these results confirm that the design of the hierarchical
structure has a critical influence on classification outcomes. The config-
uration where the coarse classifier first isolates HC, followed by fine clas-
sification of LC and GC (Fig. 6a), consistently produced the most accurate
and interpretable results. Additionally, this approach aligns with the clinical
goal of screening by first distinguishing healthy individuals and then
identifying the specific type of cancer in those classified as positive. The

flexibility of the HD-CNN framework allows for such task-specific adap-
tation, enhancing its potential utility in real-world multi-cancer screening
applications.

Comparison with previous studies and related works

Previous studies have demonstrated the potential of breath analysis for
cancer detection using various types of breath sensors and analytical fra-
meworks, as summarized in Table 1. Our previous study demonstrated that
a multimodal gas sensor array integrating multimodal sensors could diag-
nose LC with exceptionally high accuracy (92.3%) through a 1D CNN
model”. However, when the same model architecture was applied to
datasets containing multiple diseases, the diagnostic accuracy decreased
markedly, indicating that the single-stage CNN structure was limited in
handling inter-disease heterogeneity and complex class relationships.

In the present study, we developed an HD-CNN designed to overcome
these limitations and achieve dual-cancer classification for LC and GC.
Although the overall classification accuracy of the HD-CNN (84.7%) was
slightly lower than that of the previous binary LC model, the hierarchical
framework maintained stable performance across three classes and exhib-
ited greater potential scalability for future multi-cancer screening. These
results suggest that the hierarchical coarse-to-fine structure can balance
generalization and sensitivity, providing robustness even when applied to
more complex diagnostic tasks.

To date, published breath-based multi-disease diagnostic studies have
typically relied on single-type sensor arrays”’ . These sensors must be
fabricated and operated under controlled laboratory conditions. In contrast,
our system employs a heterogeneous multimodal sensor array capable of
capturing a wider range of metabolic information, improving reproduci-
bility and expanding the coverage of the breath patterns. Moreover, the
proposed platform features a relatively simple measurement protocol and
compact hardware configuration, which facilitate its potential translation to
practical clinical environments through further device miniaturization and
modular integration.

Unlike previous studies that utilized statistical approaches such as
discriminant factor analysis (DFA), the proposed framework adopts a deep-
learning-based real-time pattern recognition strategy. The deep learning
model autonomously learns temporal and nonlinear dependencies in sensor
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nanotube sensors)

LC, GC, BC, CC)

LC, GC

etal.®

LC vs HC: 100
GC vs HC: 98
LC vs GC: 66

92

LC vs HC: 100

LC vs HC: 100
GC vs HC: 99
LCvs GC: 72

89

DFA

GNP nanosensor array (15 sensors)

545 breath samples (158 LC + 115

GC + 153 HC)

Gharra et al.*

GC vs HC: 100
LC vs GC: 76

LC: 89

ANN

Surface-enhanced Raman Spectroscopy (SERS)

using plasmonic MOF nanoparticle film

1780 SERS spectra (940 HC + 440

LC + 400 GC)

LC, GC

Xie et al.*”

GC: 87

82.1

LC: 84.0
GC: 88.1

84.7

Multimodal gas sensor (10 SMO + 1 PID + 9EC HD-CNN

gas sensors)

222 breath samples (67 HC + 94

LC + 61 GC)

LC,GC

This work

SVM support vector machine, PCA principal component analysis, DFA discriminant factor analysis, ANN artificial neural network.

2LC lung cancer, GC gastric cancer, BC breast cancer, CC colorectal cancer, PC prostate cancer, NR not reported.

responses without explicit feature engineering. Furthermore, the HD-CNN
structure successfully achieved three-class classification from sensor
responses. This model enables adaptive customization of the network
according to disease similarity or hierarchical grouping, which is advanta-
geous for future expansion to broader multi-cancer screening. In summary,
while our previous model focused on high-accuracy single-cancer detection,
the current HD-CNN platform demonstrates an extensible framework
capable of stable performance and scalable integration into next-generation
breath-based diagnostic systems.

In summary, we developed a hierarchical deep learning model com-
bined with a multimodal gas sensor array for breath-based screening of
multiple cancer types. By integrating the SMO, EC, and PID sensors, the
distinct breath patterns were captured. We constructed an HD-CNN model
composed of identical CNN architectures for both coarse and fine classifiers,
and performed dual-cancer classification through a sequential coarse—fine
classification process. The model achieved class-wise accuracies of 82.1% for
HC, 84.0% for LC, and 88.1% for GC, and AUCs of 0.89, 0.92, and 0.89,
respectively. In comparison, the baseline 1D CNN model showed lower
accuracies of 71.6% for HC, 79.8% for LC, and 80.3% for GC, with corre-
sponding AUCs of 0.75, 0.87, and 0.91. The HD-CNN demonstrated
superior performance in handling inter-class ambiguity, especially in dis-
tinguishing between cancer subtypes. We further analyzed the impact of
different coarse-fine configurations and found that isolating HC in the
coarse stage, followed by LC and GC fine classification, produced the most
accurate and interpretable results. These results validated the potential of
our platform as a practical and noninvasive tool for early cancer detection.
Future work will focus on expanding the sample size, incorporating addi-
tional diseases such as chronic obstructive pulmonary disease (COPD), and
validating the system in larger clinical settings.

Methods

Design and development of a breath analyzer

The breath analysis device used in this study was based on our previously
developed multimodal sensing platform, which integrates SMO, EC, and
PID sensors within a flow-optimized chamber. The same chamber design
and sensor configuration as in our earlier work were adopted to maintain
uniform gas distribution and multimodal chemical selectivity. Specifically,
the chamber geometry was retained as a rectangular structure with cham-
fered corners, previously verified via fluid dynamics simulation to minimize
dead volume and ensure homogeneous flow across sensor positions. Sensor
selection for breath analysis prioritizes complementary selectivity (a mixture
of sensors differentially sensitive to relevant gas groups), wide dynamic
range spanning ppb to ppm, and high reproducibility. Based on these
requirements, the analyzer incorporates 20 commercially available sensors
that, in combination, provide broad coverage of exhaled VOCs through
complementary detection modalities.

In this study, several engineering enhancements were introduced to
improve device robustness and measurement reliability. First, a heating
control module was redesigned to address instability issues observed in
earlier setups, where overheating during thermal desorption of Tenax tubes
led to material degradation and signal inconsistency. The new module
employs closed-loop feedback to precisely regulate the heating profile,
thereby protecting sorbent integrity and ensuring consistent VOC release.
Second, to mitigate the effects of ambient temperature fluctuations, the gas
chamber was enclosed in a thermally insulated housing. This structural
modification minimized temperature-induced baseline drift and improved
signal stability during extended operation in clinical environments. Third,
an FPGA-based ADC board was implemented for high-speed, high-
resolution signal acquisition. Compared to previous microcontroller-based
systems, the FPGA architecture allowed stable, synchronized sampling
across multiple sensor channels and enhanced compatibility with future
sensor integration. Each sensor is sampled by the ADC (ADS8556, Texas
Instruments) chip at 50 Hz; signals are routed through the FPGA
(XC3S200AN-4FTG256C, AMD Xilinx), and one output value is produced
once per second as the 1-s average of those samples. The output update rate
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is set somewhat faster than the intrinsic response time of MOS gas sensors
(typically several seconds), because the aim is to characterize trend patterns
in a multimodal gas sensor array exposed to mixed gases rather than to
report instantaneous concentrations of specific analytes. The FPGA pro-
vides 195 user 1/O pins, supports operating frequencies up to ~250 MHz,
and achieves data transfer rates of >622 Mb/s per pin, enabling future
expansion to additional sensors and facilitating the capture of fine transient
features that may arise in high-dimensional sensor-array data. The ADC
offers six input channels, allowing simultaneous digitization of up to six
analog sensor signals. Finally, the power supply system was upgraded to a
multi-channel, noise-isolated configuration. This modification enabled
independent and efficient power delivery to each sensor type while mini-
mizing electrical interference, particularly important for sensitive EC
channels.

These targeted upgrades address the key limitations of the previous
system, resulting in an enhanced breath analysis platform capable of
reproducible, high-fidelity VOC profiling suitable for deep learning-based
cancer screening.

Study participants

This study was conducted in accordance with the Declaration of Hel-
sinki and received approval from the Institutional Review Board of
Seoul National University Bundang Hospital (IRB No. E-1208-167-
004). All participants were fully informed about the study procedures,
risks, and benefits, and informed consent was obtained from all indi-
viduals prior to sample collection. A total of 206 participants were
prospectively recruited from Seoul National University Bundang
Hospital within the period from September 1, 2022, to October 31,2022.
Breath samples from all participant groups (HC, LC, and GC) were
collected in a randomized and interleaved schedule throughout the
study period. Participants were recruited concurrently, and sampling
sessions for all groups were conducted during overlapping time win-
dows under identical laboratory and environmental conditions. The
study cohort consisted of 67 HCs, 78 patients with LC, and 61 patients
with GC. The HC group consisted of individuals aged over 18 years
without any known history of malignancy or current treatment for
respiratory or gastrointestinal diseases. Subjects with active infections,
metabolic disorders, or systemic conditions that could affect breath
composition were excluded.

LC patients were enrolled based on the following inclusion criteria: (i)
histological confirmation of LC from either a primary tumor or a metastatic
lesion; (ii) presence of intrabronchial lesions visible through bronchoscopy;
(iii) chest computed tomography evidence of central lesions located within
the inner one-third of the pulmonary hilum; or (iv) peripheral lesions
located beyond the outer one-third of the hilum, with a tumor diameter
greater than 2 cm. Patients who had coexisting metabolic diseases (e.g.,
diabetes mellitus), chronic respiratory diseases such as COPD, pneumonia,
or other active pulmonary infections were excluded to avoid confounding
effects on exhaled breath composition. In addition, patients diagnosed with
minimally invasive adenocarcinoma, corresponding to stage Tla(mi)
NOMO, were also excluded.

GC patients were selected based on the following criteria: (i) his-
tological confirmation via endoscopic biopsy, and (ii) presence of
peritoneal metastasis confirmed by imaging or diagnostic laparoscopy
in the case of GC. The exclusion criteria included patients with early-
stage tumors confined to the mucosal layer, such as intramucosal car-
cinoma; those who had undergone curative endoscopic submucosal
dissection prior to surgery; and individuals with coexisting metabolic
disorders.

Exhaled breath sample collection

We collected exhaled breath samples from a total of 222 cases, comprising
67 HCs, 94 samples from 78 patients with LC, and 61 samples from patients
with GC. In the LC group, multiple breath samples were acquired from
some individuals to capture intra-individual variability. The breath

collection protocol was uniformly applied across all participants to mini-
mize pre-analytical variation and ensure comparability of sensor responses.

The day before breath collection, participants were advised to consume
alight dinner with minimal seasoning to reduce dietary interference. On the
day of sampling, a fasting period of at least 4 h was strictly maintained. To
prevent oral contamination, participants refrained from brushing their teeth
within 2 h prior to breath collection. Instead, they rinsed their mouths
thoroughly with 200 mL of sterilized distilled water immediately before
sampling. After performing at least five deep inhalation and exhalation
cycles, 3 L of exhaled breath was collected into a Tedlar bag. The collected
breath sample was transferred to a desorption tube in the breath analyzer
within 2 h of collection.

The workflow of the breath sampling procedure is illustrated in Sup-
plementary Fig. 4. After breath collection into a Tedlar bag, the sample was
adsorbed onto a desorption tube (Tenax tube) using a controlled flow sys-
tem (Supplementary Fig. 4a). The measurement chamber was subsequently
purged with N, gas to eliminate any residual VOCs from prior measure-
ments (Supplementary Fig. 4b). To prevent hygiene issues during sampling,
we did not reuse the Tedlar bag after transferring the sample to the deso-
rption tube. High-purity N, was used as the purge and baseline gas to
establish an inert, oxygen-free reference environment within the sensor
chamber. This minimized undesired oxidation or moisture-induced surface
reactions on the sensor materials and provided a stable, reproducible
baseline resistance prior to each measurement. Next, the adsorbed com-
pounds were then thermally desorbed by a heating lamp and introduced
into the gas chamber, where VOCs were detected using the multimodal
sensor array (Supplementary Fig. 4c). As the heated exhaled breath sample is
transported into the chamber, it is cooled by the room-temperature carrier
gas. Inside the chamber, the sample environment is stabilized at approxi-
mately 40 °C with a relative humidity close to zero. Finally, the used Tenax
tubes were cleaned and recycled for subsequent use (Supplementary
Fig. 4d).

Measurement and analysis of gas sensor response

The voltage signals of the multimodal sensor array were automatically
acquired and recorded using a custom-designed measurement software.
The sensor response was calculated by normalizing the sensor signal as
follows:

Ry — R,
R(%):W x 100

air

where Ry refers to the sensor values measured during the entire sampling
process, and R,;; denotes the baseline signal recorded immediately before
the desorption of exhaled breath samples from the Tenax tube.

Deep learning-based analysis and evaluation

Deep learning models of this study were constructed on the open-source
library PyTorch version 2.7 (Meta, USA). The deep learning models were
trained and validated on a high-performance computing platform equipped
with an RTX Titan GPU (NVIDIA, USA). The models evaluated in this
study included a previously established 1D CNN model and three hier-
archical deep neural network (HD-CNN) models, each incorporating a
different coarse classifier structure. All models were trained using randomly
assigned 5-fold cross-validation.

The 1D CNN model contains seven layers, including two convolu-
tional layers, two fully connected layers, and one dropout layer. The input to
the model is a 2D response map reshaped to (19, 1800), corresponding to
19 sensor channels and 1800 s. The first convolutional layer applies 4 filters
with a kernel size of (19, 300) and a stride of 100, effectively capturing local
features. The second convolutional layer for nonlinear transformation
applies 8 filters with a kernel size of (1, 1). The output from the convolutional
layers is flattened and passed to a fully connected layer with 32 neurons. A
hidden layer with a 50% drop rate follows. The final output layer consists of
three neurons for multi-class classification, using a softmax activation
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function. All convolutional and fully connected layers are followed by batch
normalization and a LeakyReLU activation.

The HD-CNN model architecture introduces a structurally hier-
archical design consisting of two independent classifiers: a coarse classifier
and a fine classifier. Each classifier adopts the same base architecture as the
1D CNN model, comprising two convolutional layers, two fully connected
layers, and a dropout layer. While structurally identical to the 1D CNN, the
two classifiers are trained separately. The coarse classifier first performs
binary classification, then the fine classifier is selectively activated to dif-
ferentiate between the remaining two classes. A dedicated probability
integration layer combines the outputs of both classifiers to produce final
predictions across three classes.

Model weights were initialized using He initialization for convolutional
layers and zero initialization for linear layer biases. Training was conducted
using the Adam optimizer (learning rate = 0.0002, weight decay = 0.01) and
the cross-entropy loss function. All models were trained for up to 500
epochs with a batch size of 64, and a StepLR scheduler was applied to reduce
the learning rate by a factor of 0.1 every 100 epochs.

Data availability

All main training results are presented in the main manuscript and Sup-
plementary Information. Due to the inclusion of personally identifiable
information, the raw and preprocessed input data are subject to access
restrictions and are securely managed by Seoul National University Bun-
dang Hospital. Researchers wishing to access the data must obtain approval
from the hospital’s Institutional Review Board (IRB) and receive author-
ization from the corresponding author.

Code availability
The code used for training the CNN and HD-CNN models is available at
https://github.com/danharu-cpu/multi-cancer-screening.
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