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Background Results
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time, captured by the methylation-based tumor fraction (TF), is associated leveraged in generating the patient-specific dynamic predictions displayed below.
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patient’s risk of experiencing death at time t. Note that results reported above are conducted
using a Bayesian analysis, where all R-hat values indicate that parameter estimates are stable
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transformed into logits to better adhere to model assumptions and the error

terms in the mixed effects model are assumed to follow a multivariate normal Fig 2.0 This figure illustrates how rwQOS probability is modified (2b,d,f,h) as the biomarker

cumulative effect changes over time (2a,c,e,g) for patient 2 (randomly selected from the cohort). Results show the flexibility of joint modeling through the generation of patient-specific dynamic predictions that illustrate how the

distribution. The time-averaged cumulative effect is given by the area under the curve (shaded in red). The evolution of the biomarker’s cumulative effects of methylation tumor fraction are associated with outcome, where predictions are
estimated area is given in the longitudinal trajectory panels. Fig 3.0 shows how rwPFS probability enhanced by the incorporation of baseline covariates. As such, patient specific dynamic-predictions can provide adaptive customized
R f Is modified as the biomarker time-averaged cumulative effect evolves for the same patient. For o _ ] . . )
e e re n Ces each survival curve the intersection of the blue dashed lines and green dashed lines indicate the prognostic information that can be leveraged in precision oncology decision making.

probability at 30 and 160 days from the last longitudinal measure, respectively. In each case
1. Rizopoulos D. Joint models for longitudinal and time-to-event data with applications in R. 2012; CRC Press. rwPFS probability < rwOS probability as would be expected
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