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* Despite adVaf_\Ce_S_ n lung cancer Actionable Take Away Message » A total of 19 characteristic metabolites were identified in CIT responders and
treatment, variability in therapeutic + Standardized breath sampling non-responders (Figure 1).
responses — remains - a - major provides a rapid, non-invasive « The machine-learning model effectively distinguished responders from non-
.Challe.nge,. necessitating non- window into metabolic changes responders to CIT, achieving an AUC of 0.94 (Figure 2).
Invasive blomgrker.s for precision associated with chemo- » SHAP analysis provided transparent, interpretable biological insights for the
treatment stratification. immunotherapy  response  in CIT prediction model of NSCLC constructed using XGBOOST (Figure 3).
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