Point-of-Care Breath Volatile Organic Compound Analysis as
a Tool for Lung Cancer Screening: A Pilot Feasibility Study

Yakov Pichkar', Spiros Manolakos', Kaela M. Phillips?, Matthew B. Schabath?3, Ashish Chaudhary’

! Detect-ION, Tampa, Florida N3
2 Department of Cancer Epidemiology, H. Lee Moffitt Cancer Center & Research Institute, Tampa, Florida DETECT—IN MOFFITT j
3 Department of Thoracic Oncology, H. Lee Moffitt Cancer Center & Research Institute, Tampa, Florida CANCER CERTER -

Presented at the Dr. Robert Gillies Machine Learning Workshop in Cancer, Tampa, FL

G The screening access gap ° Machine-learning model development

Low-dose computed tomography (LDCT) screening reduces lung cancer mortality, but its reach VOC abundances from each platform were used as features to train interpretable classifiers for
IS limited on two fronts: non-small cell lung cancer (NSCLC).
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Breath diagnostics can address both. Volatile organic compounds (VOCs) in exhaled breath, v
measured by GC-MS, carry a non-invasive lung cancer signal®4. A point-of-care breath test could Elastic-net logistic regression with nested cross-validation
reach people outside current guidelines and make screening easy enough that eligible Fit within inner folds, evaluated on held-out outer folds (no data leakage):

people follow through.

AUC-based feature filter Centering & Pareto scaling Tune L1 ratio & regularization strength

Can a compact, point-of-care GC-MS and machine learning detect lung cancer

from breath, taking screening beyond the imaging center?
Models best separated NSCLC from controls (AUC = 0.86 on both platforms; ~80% accuracy)

and were weaker at separating early- from late-stage disease.
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Breath from 65 Moffitt patients (lung cancer cases and lung cancer screening controls) was NSCLC (36) vs. controls (23) 0.864 (82.6/75.7178.3) 0.863 (83.3/83.3/83.9)
collected in parallel on two platforms: CLARION, Detect-ION’s portable GC-MS, and sorbent Early NSCLC (23) vs. controls (23) 0.877 (73.9795.7784.8) 0.841 (73.9/87.5780.9)
tubes for |ab0rat0ry high'reSOIUtion mass spectrometry (HRMS) Late NSCLC (12) vs. controls (23) 0.807 (711.4/82.6/78.4) 0.677 (66.7/75.0/72.2)
Early (23) vs. late NSCLC (12) 0.612 (64.3/69.6/67.6) 0.696 (60.9/83.3/68.6)
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HRMS data; five have been reported in prior cancer 1 o
I —7 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5
e From raw spectra to ML-ready features breath studies®>™". Effect size (Hedge's o)
Mann—Whitney U p-values vs. effect size for CLARION VOCs

(NSCLC vs. controls).
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quantifying VOC—disease relationships is scientifically informative and favors models that remain stable
A ® B across study sites and patient conditions.
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