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The results in Table 1 below include additional simulation results from the
stabilized IPSW (SIPSW). Technically, SIPSW is a normalized version of
the unstabilized IPSW. That means, after estimating IPSW as described
in section 3.3 of the paper, SIPSW is computed by multiplying IPSW by
the marginal probability of assigning the given treatment (see Hernán and
Robins 2020, for further detail and implementation).

Table 1: Simulation results of average treatment effect as estimated by the
Näıve method, Stabilized IPSW (SIPSW), unstabilized IPSW (IPSW), BC-
IPSW and BC-SIPSW. The data was generated under the overlap misspec-
ification by setting the true treatment effect β ∈ (−0.3, 0.4) and n = 290.
Bias, absolute percentage bias (%Bias), mean squared error (MSE) and 95%
coverage probabilities (CP) are reported.

large overlap partial overlap

β Method Bias %Bias MSE CP Bias %Bias MSE CP

Näıve -0.015 5.000 0.037 93 -0.015 5.000 0.043 93
-0.3 IPSW -0.028 9.333 0.034 89 0.048 16.000 0.042 75

BC-IPSW 0.005 1.667 0.031 95 0.037 12.000 0.042 93
SIPSW -0.022 7.333 0.033 90 0.046 15.333 0.039 76
BC-SIPSW 0.006 2.000 0.033 94 0.038 12.666 0.043 91

Näıve 0.013 3.250 0.046 94 0.013 3.250 0.044 94
0.4 IPSW 0.031 7.750 0.057 92 0.037 9.250 0.056 80

BC-IPSW 0.019 4.750 0.055 94 0.028 7.000 0.055 93
SIPSW 0.030 7.500 0.049 92 0.035 8.750 0.055 82
BC-SIPSW 0.018 4.500 0.098 93 0.030 7.500 0.053 94
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Table 2 below compares simulation results based on with and without ad-
ministrative censoring of the survival endpoint. The administrative censor-
ing time was generated from a random uniform distribution with the end
date administratively known in advance, year 4, as in the case of ERSD
data. For the non-administrative censoring, subjects complete the course of
the follow-up randomly with no pre-specified end date. This censoring was
generated from the uniform distribution with a specified censoring rate and
number of samples (see Mazucheli et al. 2016; Worms and Worms 2018, for
further detail and implementation).

Table 2: Simulation results of average treatment effect as estimated by the
Näıve method, IPSW adjusted and BC-IPSW. The censoring of the survival
endpoint was generated based on two censoring mechanisms: Administrative
censoring with the end of the follow-up pre-specified and Non-administrative
censoring with no pre-specified end point to stop the follow-up. Both cen-
sorings were generated with 20% and 40% censoring rates. The true treat-
ment effect was set β = −0.3 and n = 290. Bias, absolute percentage bias
(%Bias), mean squared error (MSE) and 95% coverage probabilities (CP)
are reported.

Administrative censoring Non-administrative censoring

Censoring
rate Method Bias %Bias MSE CP Bias %Bias MSE CP

Näıve -0.015 5.000 0.041 95 -0.017 5.600 0.042 93
20% IPSW 0.010 3.333 0.039 95 0.012 4.000 0.036 93

BC-IPSW 0.002 0.667 0.041 95 0.003 1.000 0.041 94

Näıve -0.028 9.33 0.058 93 -0.035 11.666 0.064 91
40% IPSW 0.018 6.000 0.040 93 0.025 8.333 0.060 91

BC-IPSW 0.011 3.667 0.038 94 0.015 5.000 0.048 92
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