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 However, further inclusion of ALP and LDH, either in three- or

_ o _ _ _ FIGURE 2. (A) EBE-based survival simulations and (B) Survival simulations
This study analyzed data from 381 patients with advanced non- four-variate combinations, resulted in no improvement in conditional on observed longitudinal biomarker data. Simulated survival curves

. . : o . were smoothed, the violet solid line denotes the median simulated survival
small cell lung cancer (NSCLC) treated with Erlotinib discrimination performance. orofile, and the violet shaded area represents the 95% P across replicates:.

(NCT00364351), sourced from Project DataSphere repository. e The observed KM estimate is shown in black.
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using goodness-of-fit diagnostics and time-dependent

FIGURE 1. Discrimination performance of the developed joint models

assessed via dynamic ROC AUC (top panel) and Brier score (bottom panel)

Brier Score 2. over time, colored by model. Grey-shaded intervals indicate label event "
imbalance zones where ROC AUC may be not reliable. CO n CI u S I O n S

discrimination and calibration metrics, including ROC AUC and
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