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Yol ntroduction:

Modelling strategies to combine multiple serum tumor biomarkers for early prediction of immunotherapy non-response in non-small cell lung cancer ™}

Receiver Operating Characteristic curve: CYFRA & CEA & CA125 & NSE
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* Increasing the number of STMs in the model leads to marginal gains
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and validation (25%) coho and might result in a decrease in the specificity of the model.

Diagnostic accuracy per analysis method and biomarker combination
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* 95% specificity in model training to assure a low 0.9
false positive rate. |

tion model to predict ICl non-response in NSCLC patients.
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* Boosting provided the best performance across all STM combina-
tions included in this study.

* The Boosting model based on CYFRA, and CEA measurements
should be subject of further evaluation.
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Figure 1: Sensitivity and specificity results found for model training, validation, and the bootstrap analysis.




