
Web-based supporting materials for “Dynamic

predictions of kidney graft survival in the presence of

longitudinal outliers” by
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Figure 1: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the N −N
model, y-axis the N − t (Wij). Gray lines are x = y lines.
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Figure 2: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the N −N
model, y-axis the N − t (Wij, δ = 5). Gray lines are x = y lines.
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Figure 3: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the N −N
model, y-axis the t−N . Gray lines are x = y lines.
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Figure 4: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the N −N
model, y-axis the t− t (Wi). Gray lines are x = y lines.
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Figure 5: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the N −N
model, y-axis the t− t (Wij). Gray lines are x = y lines.

6



Figure 6: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right)
for B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the
N − t (Wij) model, y-axis the N − t (Wij, δ = 5). Gray lines are x = y lines.
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Figure 7: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right)
for B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the
N − t (Wij) model, y-axis the t−N . Gray lines are x = y lines.
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Figure 8: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right)
for B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the
N − t (Wij) model, y-axis the t− t (Wi). Gray lines are x = y lines.
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Figure 9: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right)
for B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the
N − t (Wij) model, y-axis the t− t (Wij). Gray lines are x = y lines.
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Figure 10: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right)
for B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the
N − t (Wij, δ = 5) model, y-axis the t−N . Gray lines are x = y lines.
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Figure 11: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right)
for B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the
N − t (Wij, δ = 5) model, y-axis the t− t (Wi). Gray lines are x = y lines.
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Figure 12: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right)
for B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the
N − t (Wij, δ = 5) model, y-axis the t− t (Wij). Gray lines are x = y lines.
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Figure 13: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the t − N
model, y-axis the t− t (Wi). Gray lines are x = y lines.
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Figure 14: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the t − N
model, y-axis the t− t (Wij). Gray lines are x = y lines.
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Figure 15: Scatter-plots of posterior quantiles (2.5th: left panel, 50th: mid, 97.5th: right) for
B1i (upper panel) and B2i (lower panel) based on the learning data-set. x-axis is the t−t (Wi)
model, y-axis the t− t (Wij). Gray lines are x = y lines.
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Figure 16: MCMC samples of the calibration plots based on the N − N model across the
landmark time-points for the internal validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by deciles of prediction. Slope esti-
mate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 17: MCMC samples of the calibration plots based on the N − t (Wij) model across
the landmark time-points for the internal validation. Mean predicted risks and observed
risks (Kaplan-Meier) are displayed for each subgroups defined by deciles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 18: MCMC samples of the calibration plots based on the N − t (Wij, δ = 5) model
across the landmark time-points for the internal validation. Mean predicted risks and observed
risks (Kaplan-Meier) are displayed for each subgroups defined by deciles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.

19



Figure 19: MCMC samples of the calibration plots based on the t − N model across the
landmark time-points for the internal validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by deciles of prediction. Slope esti-
mate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 20: MCMC samples of the calibration plots based on the t − t (Wi) model across
the landmark time-points for the internal validation. Mean predicted risks and observed
risks (Kaplan-Meier) are displayed for each subgroups defined by deciles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 21: MCMC samples of the calibration plots based on the t − t (Wij) model across
the landmark time-points for the internal validation. Mean predicted risks and observed
risks (Kaplan-Meier) are displayed for each subgroups defined by deciles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 39: MCMC samples of the calibration plots based on the N − N model across the
landmark time-points for the external validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by quintiles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 40: MCMC samples of the calibration plots based on the N − t (Wij) model across
the landmark time-points for the external validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by quintiles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 41: MCMC samples of the calibration plots based on the N−t (Wij, δ = 5) model across
the landmark time-points for the external validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by quintiles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 42: MCMC samples of the calibration plots based on the t − N model across the
landmark time-points for the external validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by quintiles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 43: MCMC samples of the calibration plots based on the t− t (Wi) model across the
landmark time-points for the external validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by quintiles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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Figure 44: MCMC samples of the calibration plots based on the t− t (Wij) model across the
landmark time-points for the external validation. Mean predicted risks and observed risks
(Kaplan-Meier) are displayed for each subgroups defined by quintiles of prediction. Slope
estimate is based on a simple linear regression fitted to the predicted and observed risk.
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