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	Indicate where the review protocol can be accessed, or state that a protocol was not prepared.
	Not prepared
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	Pairs of reviewers
	Title/Abstract screening
	Full-text articles assessed for eligibilitya

	
	Proportion of observed agreements
	Cohen’s kappa

	Proportion of observed agreements
	Cohen’s kappa


	ED / LC
	99 %
	0.99
	73 %
	0.61

	ED / SD
	-
	-
	70 %
	0.55

	ED / VB
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	60 %
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	ED / PR
	-
	-
	60 %
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Figure S1. Calibration plot of dynamic predictions obtained from the DIVAT internal validation sample (n=2,523, 66 observations deleted due to missing data concerning covariates) for landmark times from 1 to 6 years post-transplantation for a given 5-year horizon window. The black dots represent the means of the predicted risks and observed risks (Kaplan–Meier) for each subgroup, defined from quantiles of predictions.  and  are the estimated intercept and slope, respectively, obtained by linearly regressing the observed risks and the predicted risks quantiles (a perfect calibration corresponding to  and ).
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Figure S2. Calibration plot of dynamic predictions obtained from the DIVAT internal validation sample (n=2,523, 66 observations deleted due to missing data concerning covariates) for landmark times from 1 to 10 years post-transplantation for a final time horizon of 11 years post-transplantation. The black dots represent the means of the predicted risks and observed risks (Kaplan–Meier) for each subgroup, defined from quantiles of predictions.  and  are the estimated intercept and slope, respectively, obtained by linearly regressing the observed risks and the predicted risks quantiles (a perfect calibration corresponding to  and ).
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Figure S3. Distribution of the number of patients who experienced the event (return-to-dialysis, retransplantation or death with a functioning graft) in the 5-year sliding horizon window, who survived at the end of the 5-year horizon window, or were censored during the 5-year horizon window. Also shown are the incidence rates for 100 person-years in the 5-year sliding horizon window for landmark times ranging from 1 to 6 years post-transplantation obtained from the DIVAT internal validation sample (n = 2,523, 66 observations removed due to missing covariate data).
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Figure S4. Distribution of the number of patients who experienced the event (return-to-dialysis, retransplantation or death with a functioning graft) before the final time horizon of 11 years, who survived at the final time horizon of 11-years, or were censored between the landmark times and the final time horizon of 11 years. Also shown are the incidence rates for 100 person-years until the final time horizon of 11 years, for landmark times ranging from 1 to 10 years post-transplantation obtained from the DIVAT internal validation sample (n = 2,523, 66 observations removed due to missing covariate data concerning covariates).
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