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S1 Additional simulation studies

S1.1 α = 0.5

The same set of simulations in the main text were repeated for mixture parameter
α = 0.5. The sensitivity and specificity data are summarized in Table S1, with the
distributions of test C-indices plotted in Fig. S1. The results are similar to those under
α = 1.

S1.2 Higher death rates

Under the joint model specified in the simulations section of the main text, we instead
set λD = 0.4 and λH = 2. The other settings were kept as is. This leads to a death
rate of about 52% and a nonfatal event rate of about 80%.

The sensitivity and specificity data are summarized in Table S2, with the distribu-
tions of test C-indices plotted in Fig. S2. For n = 200, the sensitivity of the win ratio
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model for variables that have a direct effect on the nonfatal event is decreased, likely
due to the increased emphasis on death as a result of the higher death rates. On the
other hand, win ratio’s advantage over the Cox model in predictive performance as
measured by the C-index notably widens. This is not surprising given that now accu-
rate prediction of death plays an even more important role in the overall concordance
measure.

S1.3 Higher-dimensional z

Instead of fixing p = 20, we set p = n/2 = 100, 250 and 500 for n = 200, 500, and
1000. The results are summarized in Table and Fig. S3. Because the presence of many
covariates makes it less likely that any given one will be selected, specificity tends to
be universally high. For the same reason, sensitivity becomes the distinguishing metric
for evaluation.

Unlike in previous settings, sensitivity of the Cox model for the first five covariates
remains low (< 50%) even for sample size as large as 500. For the C-index, the two
models perform similarly for n = 200, a sample size still too small to differentiate the
methods. However, the differences become clear when n = 500 and 1000, with the win
ratio outperforming the Cox model by considerable margins.
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Fig. S1 Regularized win ratio (wrnet) and Cox models trained on 80% of data at α = 0.5 (half-lasso
and half-ridge) and tested on remaining 20%.
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Fig. S2 Regularized win ratio (wrnet) and Cox models trained on 80% of data at α = 1 (lasso) and
tested on remaining 20% under higher death rates (> 50%).
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Fig. S3 Regularized win ratio (wrnet) and Cox models trained on 80% of data at α = 1 (lasso) and
tested on remaining 20% with p = n/2.
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