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Appendix
Data Generation Process
1 First, six covariates, (X1, X2, X3, X4, X7, X10) were generated as independent

standard normal random variables with zero mean and unit variance.

2 Then, another four covariates (X5, X6, X8, X9) were generated with the de-

scribed correlation to the other covariates (see above for the correlation ma-

trix). These values refer to the magnitude of the correlation coe�cient before

dichotomizing some of the covariates (X1, X3, X5, X6, X8, X9). Dichotomizing

these covariates would attenuate these values. To dichotomize the covariates,

first, a random number between 0 and 1 from a uniform distribution was gen-

erated. Xi was set to be 1 if the randomly generated number was over 0, and

as 0 if the number was lower than the estimated true propensity score.

3 The dichotomous exposure, T was modeled using Equation (4). First, a ran-

dom number between 0 and 1 from a uniform distribution was generated. T

was set to be 1 if the randomly generated number was less than the estimated

true propensity score (P (T |Xi)), and as 0 if the number was greater than the

estimated true propensity score.

4 The outcome, Y , was modeled using Equations (5–8). For the case of Equation

(5), where the outcome is binary, a random number between 0 and 1 from a

uniform distribution was generated. Y was set to be 1 if the randomly gener-

ated number was less than the probability of Y given T and Xi (P (Y |Xi, T )),

and as 0 if the number was greater than the probability of Y given T and Xi.

5 In the step of the outcome simulation, we inserted the treatment e↵ect to be

equal to �0.4 for individuals in the treatment group.

6 To obtain robust inference, we repeated the above procedure 1000 times, re-

sulting in 1000 datasets for each set-up.

Results: Outcome 1, 3 & 4
Figure 9 depicts the evolution of maximum KS per set of confounders (see section

5.3), for each algorithm, as the sample size increases from 40 to 2000. Figures 10,

11 and 12 depict the respective evolution of absolute relative bias as a function of

the sample size, for outcomes 1, 3 and 4, respectively (see section 5.2).

From Figure 11, which concerns outcome 3, it is apparent that every algorithm

performs similarly in term of absolute relative bias. The value is typically around

or below 0.1, no matter which algorithm is used to compute the PS and balancing

weights, or which set of confounders is used as predictors. The only exemption is

when the covariates which are related only to the treatment but not related to the

outcome are used as predictors (confounders-set: treatment only). Even in this case

though, the absolute relative bias is still below 0.2. The true relationship between

outcome 3 and the baseline covariates (X1, X2, X3, X4, X8, X9, X10) is almost linear

(see section 5.2), which means that the parametric (linear) model we use to estimate

the causal treatment e↵ect is able to predict the treatment e↵ect with high accuracy,

independently of the balancing weights used and the balance level achieved by these

weights between the treatment groups (see Figure 9).

Estimation of the causal treatment e↵ect using outcome 1 performs similarly (Fig-

ure 10). In this case, since the outcome is binary (thus logistic regression is used in
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Figure 9 Maximum KS (y � axis) vs sample size (x� axis), per set of confounders (see section
5.3). Each colored line represents a di↵erent algorithm used for the estimation of the PS and
balancing weights. The horizontal black solid line corresponds to a threshold of 0.2, while the
horizontal black dashed line corresponds to a threshold of 0.1.

Figure 10 Outcome 1: Absolute relative bias (y � axis) vs sample size (x� axis), per set of
confounders (see section 5.3). Each colored line represents a di↵erent algorithm used for the
estimation of the PS and balancing weights. The horizontal black solid line corresponds to a
threshold of 0.2, while the horizontal black dashed line corresponds to a threshold of 0.1.

the outcome analysis to obtain an estimation of the causal treatment e↵ect), a larger

sample size is required to obtain an estimation with good balance — independently

of the algorithm used to compute the PS and balancing weights. However, again

all algorithms perform similarly, no matter which set of confounders is used (see

section 5.3). The relationship between outcome 1 and the baseline covariates could

be perfectly modeled by the logistic model, thus a good estimation of the causal

treatment e↵ect could be obtained even without the use of balancing weights, as
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Figure 11 Outcome 3: Absolute relative bias (y � axis) vs sample size (x� axis), per set of
confounders (see section 5.3). Each colored line represents a di↵erent algorithm used for the
estimation of the PS and balancing weights. The horizontal black solid line corresponds to a
threshold of 0.2, while the horizontal black dashed line corresponds to a threshold of 0.1.

Figure 12 Outcome 4: Absolute relative bias (y � axis) vs sample size (x� axis), per set of
confounders (see section 5.3). Each colored line represents a di↵erent algorithm used for the
estimation of the PS and balancing weights. The horizontal black solid line corresponds to a
threshold of 0.2, while the horizontal black dashed line corresponds to a threshold of 0.1.

soon as the model used for outcome analysis reflects the true relationship between

the outcome value and the baseline covariates.

Conclusions about the performance of the estimation of the causal treatment

e↵ect using outcome 4 (Figure 12) are identical to those of outcome 2. Only

the algorithms that manage to achieve balance — evaluated based on the max-

imum KS statistic (balance threshold 0.1) — report a reasonable absolute rela-

tive bias. Again, only sets of confounders that include all four true confounders
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(confounders-sets: true confounders, treatment all, all covariates, and outcome all)

allow the causal treatment e↵ect to be estimated with low bias, with confounders-

sets true confounders and outcome all resulting in slightly lower absolute relative

bias compared to treatment all and all covariates.
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