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Abstract Results

= Clinical measurements such as age, PSA, ISUP grade, tumour stage are used
to inform prostate cancer treatment decisions; profound heterogeneity remains.

« The model trained on only clinical data yielded a test C-Index of 0.807 for RF and 0.641 for CoxPH.
= The clinical, methylation, and RNA model yielded a test C-Index of 0.852 for RF and 0.631 for CoxPH.

= To address the need to develop more robust biomarkers, we evaluated the

predictive power of Random Forest and CoxPH models using various « # features by data combination after feature screening: Pre-treatment clinical data (P) = 5 features. Clinical and methylation (PM) = 12; Clinical, methylation, and RNA
combinations of clinical and multi-omic tumour features including DNA (PMR) = 19; Clinical, methylation, and CNA (PMC) = 32; Clinical, methylation, and driver mutation (PMD) = 12; Clinical, methylation, RNA, CNA, and driver mutation (PMRCD)
methylation, CNA, RNA, and driver mutation data. = 39 screened features.
= Our findings suggest that combining molecular and clinical information  Random Forest was more robust to overfitting than CoxPH model (test and training error were much closer in Fig. 3-4).
improves accuracy of predicting disease prognosis and personalized cancer - Feature screening (Fig 5) was necessary to improve upon the clinical only model.
treatment.
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a. Draw B number of bootstrap samples from a .

' _ A semi-parametric model of the survival curve 0.75. Train CoxPH
dataset (with replacement) _ (hazard/event rate as a function of time)
b. Randomly select M number of features to fit a o Makes no assumptions of the baseline event
‘tree’ to each of the B bootstrap samples rate
c. Predictions or prediction accuracy across all B o Assumes event rates are proportional across 0.50 -
number of trees/models are averaged patient groups
= This method produces more stable estimates * Regularized: performs variable selection by
(reduced variance) compared to a single tree. attempting to remove unimportant variables. 0.5
=  Supports any time-to-event outcome, not just death.
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Fig.3 Train and Test C-Indexes by Data Combination Type and Model Type. Red indicates random forest (RF) and blue is CoxPH; darker values give results on Test data, while
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