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Propensity score methods account for selection bias in observational studies. However, the consistency
of the propensity score estimators strongly depends on a correct specification of the propensity score
model. Logistic regression and, with increasing popularity, machine learning tools are used to estimate
propensity scores. We introduce a stacked generalization ensemble learning approach to improve propen-
sity score estimation by fitting a meta learner on the predictions of a suitable set of diverse base learners.
We perform a comprehensive Monte Carlo simulation study, implementing a broad range of scenarios
that mimic characteristics of typical data sets in educational studies. The population average treatment
effect is estimated using the propensity score in Inverse Probability of Treatment Weighting. Our pro-
posed stacked ensembles, especially using gradient boosting machines as a meta learner trained on a set
of 12 base learner predictions, led to superior reduction of bias compared to the current state-of-the-art in
propensity score estimation. Further, our simulations imply that commonly used balance measures (av-
eraged standardized absolute mean differences) might be misleading as propensity score model selection
criteria. We apply our proposed model — which we call GBM-Stack — to assess the population average
treatment effect of a Supplemental Instruction (SI) program in an introductory psychology (PSY 101)
course at San Diego State University. Our analysis provides evidence that moving the whole population
to SI attendance would on average lead to 1.69 times higher odds to pass the PSY 101 class compared to
not offering SI, with a 95% bootstrap confidence interval of (1.31, 2.20).

Keywords: educational data mining, machine learning, ensemble learning, stacked generalization, propen-
sity score estimation, causal inference

1. INTRODUCTION AND RELATED LITERATURE

In educational studies, randomized controlled trials are often not feasible since treatments can-
not be randomly assigned. For instance, most colleges provide student help centers, subject-
specific tutoring centers, stretch courses, or supplemental online material to support students to
succeed in their programs. Usually, it is the students’ free choice whether they make use of
such offerings (treatment) or not. Hence, attendance/participation can be observed but not ran-
domly assigned. In this case, it is not straightforward to draw a conclusion about the effect of
a treatment if systematic differences between treated and control observations are present. For
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instance, if only well-performing students attend a voluntary add-on course, one would highly
overestimate the effect of the course by just taking the differences of the outcomes in the treated
and control groups. Generally speaking, confounding covariates, associated with both treatment
and outcome, could lead to severe bias in average treatment effect estimates.

The introduction of the propensity score methodology by Rosenbaum and Rubin (1983) has
been groundbreaking in the causal inference literature to address this issue, with rapidly growing
attention in recent years. Rosenbaum and Rubin (1983) introduced the propensity score as the
probability of treatment assignment given the observed covariates. They showed that conditional
on the propensity scores, treated and untreated observations have the same covariate distribu-
tions, under certain assumptions. Therefore, a correctly specified propensity score model in an
observational study allows one to replicate characteristics of randomized trials, in particular,
to obtain unbiased treatment effect estimates. One widely applied propensity score method for
estimation of unbiased population average treatment effects (ATE) is inverse probability of treat-
ment weighting (IPTW). Weights are assigned to the observations in the original sample, such
that covariates of treated and untreated observations are balanced in the synthetic weighted sam-
ple. In IPTW, the estimated propensity scores are directly incorporated in the sample weights,
which are given by the inverse probability of the subjects’ treatment status. Thus, to ensure
consistency of the average treatment effect estimation, correct specification of the propensity
scores is essential. Logistic regression is mainly used as a method to estimate the propensity
scores. Recently the use of machine learning algorithms, especially generalized boosted models
(GBM), neural networks (NNET), and the Superlearner (SL), showed improvement over logistic
regression models (Setoguchi et al., 2008; Lee et al., 2010; Westreich et al., 2010; Pirracchio
etal., 2014).

We propose the use of a stacked generalization ensemble learning approach, tailored for the
estimation of propensity scores used in IPTW, to reduce bias in population average treatment
effect estimation. We implement a comprehensive Monte Carlo simulation study to assess the
performance of our proposed models. Our simulation study aims to cover a broad range of real-
istic data sets in educational studies, being composed of three different data sizes, eight scenarios
with different degrees of confounding, and a range of six different treatment effect magnitudes.
Finally, we apply our best model, which we call GBM-Stack, on a real-life educational data set.

Stacked generalization is an ensemble learning approach introduced by Wolpert (1992).
Roughly summarized, the approach incorporates a set of several diverse base learners (e.g.,
stable and unstable, parametric and non-parametric models) which are trained on the data on a
first level. On a second level, the base learner outcome predictions are put together to build a
new data set. This data set is then used as training input for a meta learner which generalizes the
base learner predictions to provide the final model predictions. Thereby, the meta learner might
learn if the data has been learned properly by the base learners, and might be able to identify if
any particular base learners classify certain regions of the features well or not (Polikar, 2007).
Diversity of the base learners leads to a broader “coverage” of regions where features are well
classified by at least one base learner. Intuitively, the stacked ensemble could be considered as an
imitation of human decision-making (Polikar, 2006). For important decisions, various different
“experts” (base learners) are asked about their opinion (predictions) of a subject (data). These
opinions (predictions) are then considered to make the final decision (meta learner prediction). It
has been shown that stacked generalization ensembles out-perform their underlying base learn-
ers in regression and classification tasks (Breiman, 1996; Leblanc and Tibshirani, 1996; Ting
and Witten, 1999).
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We suppose that, especially in propensity score estimation, the use of stacked ensemble
learners is of great value. In supervised machine learning tasks, one can easily assess model
performance by evaluating suitable performance metrics on a validation set, e.g., RMSE for
regression tasks, and ROC or accuracy for classification tasks. In propensity score estimation
tasks, performance evaluation is not as clear, since the target error, in this case, the error of the
population average treatment effect estimation, is not directly accessible. It has been indicated
that a good model performance, regarding the prediction accuracy of treatment assignment, does
not necessarily lead to a good performing propensity score model (Westreich et al., 2011; Griffin
etal., 2017). In the propensity score literature, balance measures are introduced to assess model
performance (e.g., Austin and Stuart 2015), since balanced covariates indicate that there are no
systematic differences between treatment and control groups. However, in the literature there
is no overall agreement or criterion for a well-balanced data set. Our simulations suggest that
averaged standardized absolute mean differences (ASAM), the currently most popular balance
measure, might not be a suitable propensity score model selection criterion. One can thus not
directly assess in which situation a specific “expert” performs best. This strengthens our motiva-
tion for the stacked generalization approach, which performs well on a broad range of scenarios
in our simulation study by incorporating a variety of “expert” models in the base learner set.
Precisely, our simulations suggest that using logistic regression or GBM as meta learner trained
on the predictions of twelve diverse base learners leads to superior bias reduction in the ATE
estimation compared to current state-of-the-art propensity score estimation methods, described
briefly in the following.

Past work has put forth vast effort to obtain consistent propensity score estimators (Setoguchi
et al., 2008; Lee et al., 2010; Westreich et al., 2010). Lately, generalized boosted models (GBM)
implemented in the twang-package (Ridgeway et al., 2014), henceforth denoted as Twang-
GBM, which aims to maximize covariate balance, and the Superlearner (SL; Pirracchio et al.
2014; Pirracchio and Carone 2018) showed superior performance in propensity score estimation.
The Twang-GBM model is a boosted ensemble (we refer to Ridgeway et al. 2014 and Friedman
2001 for more details) and not considered as a stacked ensemble in the sense of Wolpert (1992).
Technically, Superlearner can be considered as a stacked ensemble learner, since it employs a
constrained linear combination of different base learner predictions, minimizing a given loss
function. However, no meta learners, such as GBM or logistic regression, are trained on the
base learner set. To our knowledge, there are no other stacked generalization approaches using
different meta learners trained on a suite of base learners in the statistical literature applied to
propensity score estimation.

Observational studies are prolific in a broad range of educational studies, and propensity
score methods are common approaches for analyzing such data. To provide a method that can
be widely applied, in our Monte Carlo simulation study we aim to cover a broad range of realistic
observational, educational data. To give a brief overview, there have been several student success
studies assessing the effect of supplemental course, tool, or seminar offerings with voluntary
student attendance (Clark and Cundiff, 2011; Jiang and McComas, 2015; Feild et al., 2016;
Guarcello et al., 2017). Propensity scores have been applied to account for the confounding
introduced through the voluntary attendance in the programs. A path of research with high
attention in this area is for instance the assessment of special education and inclusive programs
for disadvantaged students or students with disabilities (Shapiro and Trevino, 2004; Morgan
et al., 2010; Sullivan and Field, 2013; Rojewski et al., 2015; Bakker et al., 2020). Others
employ propensity scores to assess the influence of education types on social, civic, and political
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participation (Kam and Palmer, 2008; Brand and Xie, 2010; Kim and Clark, 2013). Propensity
scores have further been used to evaluate the impact of different education programs on later
career success (Titus, 2007), to assess the impact of teacher encouragement on enrollment in
advanced high schools or college (Alcott, 2017), or to evaluate a possible positive effect on
recidivism through college education for prisoners (Kim and Clark, 2013). We emphasize that
the summary of examples provided is by no means exhaustive, but it serves as an illustration of
the potential widespread applicability of our proposed stacked generalization propensity score
estimators, by providing superior bias reduction in average treatment effect estimation.

In Section 5, we add to the above described educational propensity score literature by apply-
ing our best propensity score estimator, namely GBM-Stack, on a real-world educational data
set. Specifically, we investigate the effect of a Supplemental Instruction program (SI) on student
success for psychology majors’ compulsory introduction course (PSY 101) at San Diego State
University. PSY 101 has been identified as a bottleneck course at SDSU with a high failure
rate of 15%. A high course fail rate jeopardizes a student’s four-year graduation plan. SI is
a voluntary, weekly add-on program, originally created at the University of Missouri Kansas
City (UMKC, 2018), and installed to improve student success. In our context, we assess student
success by the performance (pass/fail) of students in the PSY 101 course, given data of 2,173
students collected in 2015, 2016, and 2017. The estimated propensity scores are used in [IPTW
to estimate the average treatment effect of SI in the whole PSY 101 student population. Our
analysis suggests that moving the whole PSY 101 student population to SI attendance would on
average lead to 1.69 times higher odds to pass the PSY 101 class compared to not offering SI. We
obtain a 95% bootstrap confidence interval of (1.31, 2.20). The analysis of this real-world data
serves as both, an illustration of our proposed stacked generalization propensity score estimation
approach, and also as evidence for the positive effect of SI on the PSY 101 student population,
which could have important implications on the funding and extensions of the SI program.

The structure of our paper is as follows. In Section 2, we formally introduce the propensity
score methodology and substantiate the construction of our stacking approach for propensity
score estimation. In Section 3, we introduce our simulation study. An extensive Monte Carlo
simulation study, mimicking realistic scenarios in educational studies, is conducted to investi-
gate the performance of our proposed stacked ensembles. In Section 4, we present the results of
our simulation study. We use the estimated propensity scores in IPTW to estimate population av-
erage treatment effects (ATE), and compare the performance of our proposed ensemble learners
to the current state-of-the-art models according to bias, mean squared error, and variance of the
point estimate. We assess the weights used in IPTW and the ASAM, the most commonly applied
measure of balance, to check the balance of our models. We critically discuss the relation of the
ASAM with ATE estimation errors. In Section 5, we apply our proposed model, GBM-Stack,
on recent student data to estimate the population average treatment effect of the SI program on
student success in the PSY 101 course at San Diego State University. A final discussion of our
findings appears in Section 6, with limitations and possible future work in Section 7.

2. ANALYTICAL METHODS

2.1. PROPENSITY SCORE

The aim of the propensity score method is to generate balanced covariates, between treated
and untreated observations, to control for confounding caused by selection bias in observational
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studies. Rosenbaum and Rubin (1983) introduce the propensity score as the probability of treat-
ment assignment given a vector of observed covariates, denoted by

e(X) = P(Z = 1|1X), (1)

where Z is a binary variable indicating that an observation is exposed to the treatment, i.e.
(Z = 1), or not exposed to the treatment, i.e. (Z = 0). X is the vector of observed covariates.
As a fundamental concept, to formulate conditions for non-confounding, Rosenbaum and Rubin
(1983) define treatment allocation as strongly ignorable if

A @V, Y uzx and (i) 0 < e(X) < 1. (2)

Here, (i) means that treatment assignment Z and the potential outcome (Y, Y) are condition-
ally independent given the covariates X. Note that the potential outcomes are the outcome values
that are possible for a certain object. The potential outcomes are never observed at once, since
the actual observed outcome Y takes on one of the values, depending on the treatment status of
the object. For instance, if an object is treated, then ¥ = YW is observed. (ii) means that the
probability for either treatment or control group allocation has to be non-zero. Rosenbaum and
Rubin (1983) demonstrate that the propensity score is a balancing score. If treatment allocation
is strongly ignorable, conditional on the propensity score an unbiased average treatment effect
(ATE) may be obtained. This implies that a correct specification of the propensity scores allows
us to imitate characteristics of randomized control trials in situations when random treatment
allocation is unfeasible (Austin, 2011; Austin and Stuart, 2015). Condition (i) in (2) can be
violated if confounders connected to both treatment and outcome remain unmeasured (Austin,
2011).

Mainly four propensity score methods have been proposed in the statistics literature: strati-
fication or subclassification on the propensity score, matching on the propensity score, covariate
adjustment using the propensity score, and inverse probability of treatment weighting (IPTW)
(Rosenbaum and Rubin, 1983; Rosenbaum and Rubin, 1984; Rosenbaum, 1987). Matching
on the propensity score and IPTW have seen increasing popularity in the statistics literature in
recent years due to their superior ability to reduce bias. In stratification, or matching on propen-
sity scores, the estimated propensity scores are used to group samples in strata and pairs with
desirably similar covariate distributions. In IPTW and covariate adjustment approaches, the ac-
tual propensity score estimates are incorporated in the treatment effect estimations. We refer to
Austin (2011), Austin and Stuart (2015) and Williamson et al. (2012) for a detailed description
and comparison. In this study, we focus on the performance of our proposed ensemble learner
to estimate propensity scores used for [IPTW.

By utilizing IPTW to estimate the population average treatment effect (ATE), a synthetic
sample is created by weighting each observation in the sample, using the inverse probability
of the subject’s treatment status, with the aim to balance covariates between the treated and
untreated group in the synthetic weighted sample. The weights to estimate the ATE are defined
by

4 1-27
+ .
eX)  1-eX)

3)

WATE =

Thus, the weight for each subject directly incorporates the estimated propensity scores and can
be described as the inverse probability of the subject’s treatment status. It has been shown that
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IPTW is advantageous to estimate the ATE for the whole population, whereas matching on the
propensity score estimates the average treatment effect in the actual treated group (ATT; Im-
bens 2004; Austin 2010). The ATT can also be obtained through IPTW by multiplying the
ATE weights with the propensity score e(X) (Appendix, Formula 12). In our study, we focus
on the estimation of the average treatment effect in the population (ATE). Lunceford and Da-
vidian (2004) show that under the assumption of a correctly specified propensity score model, a
consistent estimator of the average treatment effect for a sample of n subjects is given by

"7\l ZY L1 -7 v S (1-2)Y;
ATE:( ! ) zl_( —l) 4::’\_" =: % , 4
; ei(X) ; e;(X) — 1 —e;(X) - 1 - e(X) M1 — M2 YRD @

where Y; denotes the outcome variable, Z; the treatment status, and e;(X) the propensity score
with observed covariates X for subject i € {1,...,n}, respectively. Obtaining an unbiased ATE
estimate is the main objective of the IPTW approach in our study.

A crucial step in the IPTW procedure is to assess the balance of the covariates between
treated and untreated in the synthetically weighted sample (Austin and Stuart, 2015). Imbalance
in the weighted sample can for instance indicate a misspecified propensity score model or a
violation of the strong ignorability assumption, potentially leading to severe bias in the treatment
effect estimate (Formula 4). A predominantly used measure to assess balance in the propensity
score literature is the standardized mean difference (smd) of the covariates (Austin and Stuart,
2015). The standardized mean difference measures the difference of the average value of a
covariate in the treatment and control groups, scaled by the pooled standard deviation of the
measured covariate. Precisely, let X, eqmens and Xeomror be the sample mean and s> 2

treatment> Scontrol
be the sample variance of a covariate in the treatment and control group, respectively. Then,

smd = ()_Ctreatment - xcontrol) ) (5)

. 2
Streatment +s control

2

To get a summary measure across all covariates, the average of the standardized absolute mean
differences (ASAM) over all measured covariates is frequently considered (Lee et al., 2010;
Pirracchio et al., 2014; Pirracchio et al., 2016). There are varying recommendations regarding
the exact use of standardized mean differences, particularly the ASAM, as a balance measure
in propensity score studies. We provide a short summary of the literature in the Appendix
(Section 10). In our simulation study, we assess if the ASAM is a suitable model selection
criterion given a set of different propensity score estimation models on a particular data set.

2.2. [ENseMBLE LEARNING - STACKED (GENERALIZATION FOR PROPENSITY ScoRe ESTIMATION

We construct our models as a variation of the stacked generalization approach introduced by
Wolpert (1992). In brief, a set of L base learners are trained on the learning data set, called
level-0-data, and predictions for each observation are obtained through cross-validation. Instead
of selecting the base learners with the best performance, the cross-validation predictions of all
base learners are merged to a second data set, the level-1-data. Thus, for each observation in
the actual data set, the level-1-data contains the L base learner predictions of its class label
(treatment status). This L-dimensional set of predictions, level-1-data, serves as an input for a
meta learner. Eventually, the output of the meta learner, trained on the level-1-data, provides the
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Figure 1: Simplified stacked generalization scheme for
propensity score (PS) estimation. The scheme sketches one
outer loop k from Algorithm 1 with one inner loop j, to pre-
dict the propensity scores for observations in D;. Some of
the steps in Algorithm 1 are marked with square brackets.

ultimate classification or regression predictions. In our case, the class (treatment) probability
output of the meta learner provides an estimate for the propensity score of each observation.

In Algorithm 1, we present pseudo-code for a precise description of our proposed stacked
generalization approach. Figure 1 serves as a simplified illustration of the approach, representing
one outer cross-validation loop k € {1,..., K} and one inner loop j € {1, ..., J}, to get propensity
score predictions for observations in Dy. In Figure 1, the case K = 3 and J = 2 of Algorithm 1
is considered for simplicity.

Some technical details have to be considered for a successful design of a stacked ensemble
learner in our context. Nested, stratified cross-validation is applied to construct the training
and validation sets for the level-0-data and level-1-data. The outer K-fold cross-validation loop
(steps 3, 4, and 12 to 17) in Algorithm 1 splits the data D into K disjoint and equal-sized subsets,
stratified by the binary response variable. In each loop k, we take one fold Dy out as the ensemble
validation set (step 4). The remaining (k — 1) folds build the ensemble training set E;.

In the second loop (steps 6 to 11) each ensemble training set Ey is further stratified divided
into J disjoint and equal-sized folds. Again, in each inner loop, one fold j builds the base
learner validation set E;, and the remaining (j — 1) folds build the base learner training set B;
(step 7). The preprocessing (steps 8 and 9) ensures that no information from the validation set
is used in the training set. This is essential, since leaking information from the validation set
to preprocess the training set (e.g., imputing, scaling) could lead to over-optimistic estimation
errors on the validation set and therefore to biased level-1-data. Step 9 ensures that the validation
set receives the same preprocessing method as the training set. Subsequently, in each inner loop
J» each of the L base learners are fit on the preprocessed base training set B, (step 10). The L
fitted base learners are then used to predict the class probabilities for each observation on the
base validation set E,f (step 11). After J inner loops (step 6 - 11), we obtain the L-dimensional
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Algorithm 1 Stacked Generalization for Propensity Score Estimation

CHOOSE a suitable set of L base learners and one meta learner.
RanpomLy pARTITION the data D into K disjoint and equal sized subsets Dy, ..., Dg.
Fix the cross-validation counter k = 1. (Note that k € {1,..., K}).
LaBeL the subset Dy as validation set, and Ej := D — Dy as the ensemble training set.
RANDOMLY PARTITION the ensemble training set E; into J disjoint and equal sized subsets
for je{l,...,J}do

LABEL E,f as validation set and Bi =E; — E,ﬁ as base learner training set;

AN~

ImpUTE missing values and ScALE numerical variables on the training set B/;
Appry the imputing and scaling method from 8 on the validation set EV;

° 2 3

10: Fit each of the L base learners on the training set B’ ;
11: PrebICT each observation in the validation set E ,ﬁ with each of the L base learners.

12: Fit the meta learner on the level-1-data of Ej, obtained through J inner loops (steps 6 - 11).

13: ImpUTE missing values and ScALE numerical variables on the ensemble training set E.

14: AppLy the imputing and scaling method from 13 on the validation set Dy.

15: Fit each of the L base learners on the ensemble training set E.

16: Prepict each observation in D; with each of the L base learners from 15.
= Obtain L-dimensional level-1-data on the validation set D;.

17: Prepicr fitted meta learner from 12 on level-1-data from 16 to obtain estimated propensity
scores for observations in Dy.

18: INCREMENT k by one.

19: RepEAT steps 4 to 18 until k£ > K.

level-1-data for each observation in the ensemble training set Ej as input for our meta learner
(step 12). Thus, instead of using the training set predictions of the base learners, the inner loop
ensures that just validation set predictions are used as level-1-data and meta learner input (Ting
and Witten, 1999; Alpaydin, 2014). No scaling is needed for the level-1-data (Alpaydin, 2014,
chap. 17).

In each outer loop k, the meta learner is fitted on the obtained L-dimensional level-1-data of
the ensemble training set E; (step 12). Recall that the level-1-data is obtained for each data point
in E; through steps 6 - 11, but not for Dy. To get level-1-data for the observations in the ensemble
validation set Dy, in step 15, the L base learners are fit to the level-0-data of the ensemble training
set E; and predict on each observation in the ensemble validation set Dy (step 16). To perform
steps 15 and 16, the level-O-data of E; and Dy has to be preprocessed (steps 13 - 14), again
without leakage of information from the validation set D;. Note that E; was already stepwise
preprocessed through the inner loop (steps 8 - 9). Generally, these preprocessing steps could also
be applied to D; which would make step 13 redundant. However, in step 8 the preprocessing
is done on subsets of E;. To include all training set information in the preprocessing, we again
preprocess the complete E; (step 13) and apply it on Dy in step 14.

In step 17, the fitted meta learner from step 12 is used to obtain predictions (propensity
scores) for the observations in the validation set Dy. Therefore, after K loops we get the stacked
ensemble predicted class probabilities, more precisely the propensity scores, for each observa-
tion in the data D.
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Note that in steps 10, 12, and 15 of Algorithm 1, additional cross-validation loops or boot-
strapping can be executed in each model fitting process to select optimal tuning parameter con-
figurations for each base learner and the meta learner. In steps 8-9 and 13-14 further preprocess-
ing functions (e.g., principal component analysis or Box-Cox transformations) can be incorpo-
rated if necessary for the underlying data.

2.3. LEARNER SELECTION AND COMPUTATION

The choice of base and meta learners is modular: generally, any model can be used. Never-
theless, to improve performance, the learners should fulfill some desired properties. The base
learners have to be both accurate and diverse (Alpaydin, 2014; Sesmero et al., 2015). A higher
diversity in the base learners’ predictions leads to more information in the level-1-data set.
Loosely speaking, the meta learner needs various opinions that it can rely on. We found it
advantageous to include a mixture of both stable and unstable, as well as parametric and non-
parametric base learners. Without a certain performance level regarding a chosen evaluation
measure, e.g., classification accuracy, ROC curve, kappa, or log loss (Kuhn, 2008), the base
learners do not contribute information or may even contribute misleading information to the
ensemble. However, it has been shown that the predictive accuracy of stacked ensembles can
be increased in a standard classification task by even removing the most accurate base learners
from the level-1-data in favor of less correlation, e.g. (Doumpos and Zopounidis, 2007). This
trade-off has to be considered when building a suitable set of base learners. In our simulations,
we chose a wide-ranging set of L = 12 base learners. To maximize diversity, we included both
parametric models (e.g., logistic regression and naive Bayes) and non-parametric models (e.g.
K-nearest neighbors classification, decision trees, and support-vector-machines). Table A.4 in
the Appendix includes short descriptions of the included models.

The aim of the meta learner is to balance the base learners’ biases by learning from the
base learners’ errors (Alpaydin, 2014; Sesmero et al., 2015). A desired property of the meta
learner is the ability to generalize and capture the structure of the level-1-data to minimize a
selected error metric. To balance the errors of the base learners it is crucial that the meta learner
is trained on base learner predictions outside of the base learner training set. Otherwise, the
meta learner just strengthens the predictions of overfitted base learners on the training set (Ting
and Witten, 1999; Alpaydin, 2014). Ting and Witten (1999) suggest to build the level-1-data
with the predicted class probabilities instead of using the binary classifications. In the choice
of the meta learner, the model’s ability to predict class probabilities with high accuracy was a
decisive factor. It is further desired that probabilities are not overestimated towards the edges
(zero and one), since the estimated class (treatment) probabilities of the meta learner, specifically
the propensity scores, are directly used to construct sample weights (Section 2.1, Formula 3).
Wrongly classifying an object with high confidence (estimated probabilities towards zero or
one) leads to extreme weights, which strongly influence the estimation of the average treatment
effect (Formula 4). Erroneously high weights can lead to severe errors in the ATE estimation
and are thus not desirable. We implemented two different meta learners: logistic regression
(LR) and gradient boosting machine (GBM). Due to its probabilistic classification approach and
its widespread popularity, logistic regression is a commonly used method in propensity score
estimation (Austin and Stuart, 2015; Rubin, 2004). The main issue in the application of logistic
regression models is misspecification of interaction terms or nonlinear relationships in the data.
Thus, without deep knowledge of the data, logistic regression might result in poor model fit and
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bias in the treatment effect estimate (Drake, 1993). We presume that stacking might boost the
performance of logistic regression by handling the structure of the data at the base learner level.
Gradient Boosting Machines have gained more attention in the propensity score literature in the
last few years. (Parast et al., 2017; Griffin et al., 2017; Stone and Tang, 2013; McCaffrey et al.,
2004) suggest GBM in IPTW due to low treatment effect estimation errors in scenarios with
unknown, non-linear functional forms in the association of the covariates with the treatment
selection.

To our knowledge, there is no overall agreement in favor of a suitable loss function for
propensity score model fitting and tuning parameter selection. Classification performance met-
rics, e.g. L2 squared error or AUC, are applied (Lee et al., 2011; Pirracchio et al., 2014) as
well as covariate balance measures, such as the average or maximum of absolute standardized
mean differences or the Kolmogorov-Smirnov statistic (Pirracchio and Carone, 2018; Ridgeway
et al., 2014). The optimization regarding covariate balance is computationally more expensive
than the optimization with respect to the more conventional classification performance metrics.
Mainly due to computational reasons, we found the default “off-the-shelf” model training and
tuning parameter selection in caret as adequate in this paper. Thus, in steps 10, 12, and 15
of Algorithm 1, each base and meta learner was evaluated using 10-fold cross-validation with
three different values for each tuning parameter, maximizing the area under the ROC curve.
Especially at the meta learner level, balancing loss functions might be incorporated in future
investigations.

The nested cross-validation loops in Algorithm 1 can be computationally expensive. How-
ever, the modularity of the stacked ensemble building leads to several opportunities to reduce
computational cost by parallel processing (Microsoft Corporation and Weston, 2017), since base
learners can be trained independently. As a benchmark, using parallel processing on a MacBook
Pro with a 2.3 GHz 8-Core 19 processor, in our data analysis in Section 5 with a data set of 2,173
observations and 33 covariates, we could reduce the complete base and meta learner training
of our GBM-Stack model to approximately 6 minutes. All base and meta learner models were
implemented with the caret package (Kuhn, 2008) in R version 3.6.2 (R Core Team, 2018).

3. MonTe CARLO SIMULATION STUDY

3.1. DATA GENERATION

An important factor in creating our simulation study was to generate data sets consistent with
a broad range of applications in educational studies. For this reason, we incorporated charac-
teristics of the student data set that we analyze in Section 5, as well as features and findings
of previous student success studies (Guarcello et al., 2017; Beemer et al., 2018; Pelaez et al.,
2019). Generally, we suppose that a relatively high proportion of categorical, particularly binary
variables and some continuous variables occur in data sets with student demographics and per-
formance covariates. Further, three types of covariates are present, differing in their associations
with the treatment and the outcome — confounders, associated with both treatment and outcome;
instrumental variables, just associated with the treatment; and covariates just associated with the
outcome. Besides, we assume different complex associations of the covariates with the treat-
ment variable (Section 3.2). In the analysis of real-world educational data, expert knowledge
or previous studies could help to partly identify the type of the covariates. However, we find it
most realistic that the associations of the covariates with the treatment and outcome variable are
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unknown. We found the simulation study introduced by Setoguchi et al. (2008) as an appropriate
basis for our purpose. We adjusted the scenarios (A-G) in Setoguchi et al. (2008). These seven
scenarios incorporate various non-linear and non-additive associations between the covariates
and the probability to receive the treatment (propensity score). We added one model (Scenario
H), with severe non-additivity, that we found realistic in our application.

For each scenario three different sample sizes containing n,,,; € {1000,2000, and 3000}
observations were implemented, and m = 1000 data sets were generated for each data size. In
each data set, a binary treatment variable Z, with P(Z) € [0.27,0.45], and binary outcome Y,
with P(Y) € [0.10,0.21], was computed. Z = 1 means that treatment was received and ¥ = 1
implies a negative outcome. Note that the respective proportions of the PSY 101 data (Section 5)
are within this range (P(Ypsyi01) = 0.15, P(Zpsyi01) = 0.42).

Ten covariates (X, ..., Xjo), six binary (X1, X3, Xs, X, X3, X9) and four continuous (X>, Xy,
X7, X10), were introduced. Four confounders (X, ..., X;) were generated, associated with both
the treatment variable Z and the outcome variable Y. Three instrumental variables (X5, X4, X7)
were associated with just the treatment Z and three variables (Xg, X9, X;9) with the outcome Y
only. In the following, we explain the data generation process in detail.

The ten final covariates (X, ..., Xjp) were generated in two steps. First, eight base covari-
ates (V;,i € {1,...,8}) and two final covariates (X7, X;() were generated as independent standard
normal distributed random variables. The remaining eight final covariates were computed by
a linear combination of (Vi,..., Vg) to introduce correlations. Low correlations (0.2) and high
correlations (0.9) were generated. After this step, all variables (Xj,..., X;o) were rescaled to
mean zero and standard deviation one. The correlation matrix, as well as the linear combina-
tions, are shown in Table A.5 in the Appendix. Correlation magnitudes were reported before
dichotomizing, which diminishes the correlations. For dichotomizing, we used the theoretical
(0.7, 0.65, 0.6, 0.55, 0.5, 0.4)-percentiles of the standard normal distribution as cut-off points.
Consequently, on average this led to prevalences of (30%, 35%, 40%,45%,50%,60%) for the
binary variables (X, X3, X5, X6, X3, X9), respectively.

The simulated “true” propensity score e(X) = P(Z = 1|X) was generated using logistic
regression as a function of the four confounding and three instrumental covariates X;.

e(X) = f(Xi;B), i=1,...,7, (6)

where the function f and the parameters 8 vary in each scenario to introduce different levels of
non-linearity and non-additivity in the propensity score model. The functions f and parameters
B are listed for each scenario in the Appendix (Section 8, Table A.7). We randomly sampled
from the simulated “true” propensity score e(X) to obtain the binary treatment variable Z. More

precisely, for each data set we generated a random vector u % Uni form(0, 1) and let
Z=1¢&eX)>u. @)

The binary outcome variable Y was modeled in a similar way. Logistic regression was used

as a function of the seven outcome related covariates X;,i € {1, 2, 3,4, 8,9, 10}, and treatment Z
to calculate the probability of Y, given X; and Z as

P(Y = 11Z,X;) = [1 + exp{~(ao + )| @iXi + y10Z)]™". (8)

Values for ¢; are in Table A.6 in the Appendix. The same logistic regression model (8) was used
for all scenarios. The binary outcome Y was obtained analogously as in (7), again generating

u' Uniform(0, 1).
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We set the effect of treatment Z to a range of constant values y;o € {—1.2,-1.0,-0.8, —0.6,
—0.4,+0.4}, which we consider as realistic in the context of student success studies. As a com-
parison, in our data analysis in Section 5, we obtain an average treatment effect estimate of
Yo = —0.52. Recall that Y = 1 is a negative outcome. Therefore, a negative y;, represents a
reduction of negative outcomes and thus a positive treatment effect.

Note that the values y;o denote the conditional log-odds ratios, relating treatment to the
outcome. This is the ratio of the odds that an observation has outcome ¥ = 1 when it is
treated, versus the odds that ¥ = 1 when it is not treated, given in log scale. To obtain the
true marginal risk differences ygp, which we aim to estimate (Formula 4), we follow the pro-
cedure described in Austin (2010). Assuming that the entire population was untreated, the
probability of the outcome Y = 1 was computed for each observation, respectively. Austin
(2010) then denote the average of these outcome probabilities as the marginal probability of
the outcome if untreated. Analogously the marginal probability of the outcome if treated was
computed, by assuming that all observations receive treatment. Then the marginal risk differ-
ence, also denoted as population-average risk difference, is given by the difference between
the two marginal probabilities. Averaged over the m = 1000 simulated data sets, we then
obtained risk differences of yzp = —0.103,-0.091,-0.078, -0.062, —0.044 and +0.055 for
Yo = —1.2,-1.0,-0.8, -0.6, -0.4, and +0.4, respectively.

3.2. SIMULATION SCENARIOS

The following propensity score scenarios were modeled. The associations of the covariates with
the propensity score are in the log-odds scale. Parameters and formulas are in Appendix A
(Section 8, Table A.7):

e A: Additivity and linearity (only main effects);

e B: Mild non-linearity (one quadratic term);

e C: Moderate non-linearity (three quadratic terms);

e D: Mild non-additivity (four two-way interaction terms);

e E: Mild non-additivity and non-linearity (four two-way interaction terms and one quadratic
term);

e F: Moderate non-additivity (nine two-way interaction terms);

e G: Moderate non-additivity and non-linearity (ten two-way interaction terms and three
quadratic terms);

e H: Severe non-additivity and non-linearity (six two-way interaction terms, four three-way
interaction terms, one quadratic term, one cubic polynomial, and one square root term).

To ensure robust and realistic scenarios, we attached importance to the simulated propensity
score distributions. The simulated propensity scores meet the non-zero probability assumption
(2), and overall less than 1% of the propensity score values fall below 0.01 or above 0.99. We
suppose that this is a realistic assumption for the majority of educational, observational treat-
ment effect studies. Further, we found it realistic that there is a positive probability (support)
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for propensity scores across the entire (0, 1) range, yet neither uniformly distributed nor heavily
skewed. Thus, with some variations across scenarios, our simulated propensity score distri-
butions are right-skewed with a mode between 0.1 and 0.25. A histogram of the composed
propensity scores over all simulated scenarios collectively is illustrated in the Appendix in Fig-
ure A.4.

3.3. PERFORMANCE METRICS

Recall that our Monte Carlo simulation study comprises three different data sizes, eight scenarios
with varying associations of the covariates with treatment assignment, and six simulated treat-
ment effect magnitudes, leading to overall 144 different setups. To get a Monte Carlo estimate
and performance assessment of our proposed stacked ensembles, the following performance
measures were computed based on m = 1000 simulated data sets for each setup, respectively.

e Bias: The mean difference of the average treatment effect estimates yzp (Formula 4) and
the simulated (true) treatment effects ygp. The absolute value of the relative bias (in %) is
reported by dividing through the simulated (true) treatment effect ygp, respectively.

e MSE: The mean squared error of the treatment effect estimates ygp with the true treatment
effect ygp.

e MC-SE: The empirical Monte Carlo standard error, calculated as the standard deviation
of the average treatment effect estimates yzp over the m = 1000 simulations.

e SE: The estimated standard error of the treatment effect estimates, averaged over the m =
1000 simulations. We used a robust sandwich-type variance estimator, implemented in
the survey package in R (Lumley, 2004). Correlations are introduced in the sample
through replications of subjects, based on the subject-specific IPTW weights (Formula 3).
The objective of this robust sandwich-type variance estimator is to provide consistent
variance estimation with dependant data (for a discussion, see Kauermann and Carroll
2001; Lunceford and Davidian 2004; Joffe et al. 2004).

e ASAM: The average of the standardized absolute mean differences (Formula 5), assessed
in the original and in the weighted sample. For each model, the magnitude of the ASAM
was computed in its weighted sample, and the average over the m = 1000 data sets was
reported. Additionally, correlations between the ASAM and the estimated ATEs were
assessed in each data set including several models.

e Weights: The distribution of the weights used in IPTW. Extreme weights might be of
concern, as they lead to strong influence of the respective observations in the estimation
of the average treatment effect and to increased standard errors in the ATE estimate (Cole
and Hernan, 2008; Austin and Stuart, 2015).

The computation of the propensity scores in this comprehensive Monte Carlo simulation setup
turned out to be highly CPU-intensive. To make the computation more feasible, in each of the
m = 1000 data sets, we performed only one outer cross-validation fold k of Algorithm 1 as
sketched in Figure 1. The propensity scores and the above performance measures were then
assessed on a validation set Dy containing one-quarter of the data sets. More precisely, in Algo-
rithm 1, we set K = 4 and J = 2, that means for the data sizes n,,,,; € {1000,2000, and 3000}
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we obtained validation sets Dy with size |D;| € {250, 500, and 750} and ensemble training sets
|Ex| € {750, 1500, and 2250}, respectively. For consistency, the assessment of all models dis-
cussed in the following Section 4 was carried out on the exact same validation subsets Dy. As in
Setoguchi et al. (2008) and Pirracchio et al. (2014), all 10 covariates were included as features
in the propensity score estimation models.

3.4. COMPARISON MODELS

We compared the performance of our proposed models GBM-Stack and LR-Stack to state-of-
the-art models in propensity score estimation, and to each of the 12 included base learners
(described in Table A.4). The most competitive models are presented in the result section.
Precisely,

e Twang-GBM - using the twang-package (Ridgeway et al., 2014) with the same hy-
perparameters as used by Lee et al. (2010), recommended by McCafirey et al. (2004),
with 20,000 iterations and a shrinkage parameter of 0.0005, minimizing the mean of the
Kolmogorov-Smirnov statistic;

e Superlearner (SL) — proposed by Pirracchio et al. (2014), with implementation as de-
scribed by Naimi and Balzer (2018), including all 12 base learner models (Appendix,
Table A.4) with maximization of the area under the ROC-curve;

e NNET - a single-hidden-layer neural network;

e AVNNET - a model average of several independently-initialized and in parallel trained
neural networks to prevent overfitting and overconfident predictions;

e LR —a simple logistic regression model;

e RLR - a regularized logistic regression model, adding a penalization of high parameters
to the logistic regression model to prevent overfitting.

4. ResuLts

We emphasize that our main target of the propensity score estimation procedure is to reduce
bias in the population average treatment effect estimation (ATE) obtained through Formula 4,
following Lunceford and Davidian (2004). Due to reasons of space and clarity, in the following
we outline a summary of the results of the various simulation setups. We refer to our Appendix
for an exhaustive result listing of all individual simulation setups and performance metrics.

4.1. PEeRFORMANCE oF THE ATE ESTIMATOR
4.1.1. Bias of ATE estimation

Table 1 serves as an overall summary of the simulation study results by averaging the assessed
performance metrics obtained for the 48 different simulation setups (eight different scenarios
(A-H) and six different simulated ATEs ygp) for each of the three data sizes, respectively. The
first column of Table 1 presents the resulting summarized relative bias (in %) for the different
propensity score-based ATE estimators. In summary, both of our proposed stacked ensembles
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Table 1: Summary of the simulation study performance metrics averaged across all eight
scenarios A-H and across the six simulated ATEs () for each data size, respectively. The
row “Simulated PS” presents the results obtained by incorporating the respective simulated
“true” propensity scores in the ATE estimation.

n= 3000 Bias (%) MSE MC-SE SE  ASAM Max-Weights
GBM-Stack 1.37  0.0009 0.0298 0.0293 0.088 11.65
LR-Stack 1.47  0.0009 0.0301 0.0294 0.093 12.40
Superlearner 3.87 0.0008 0.0282 0.0279 0.087 11.10
AVNNET 1.97  0.0010 0.0307 0.0301 0.091 21.56
NNET 1.62 0.0012 0.0343 0.0323 0.100 33.00
RLR 3.68 0.0009 0.0287 0.0280 0.097 25.85
LR 423 0.0009 0.0290 0.0282 0.100 27.81
Twang-GBM 826  0.0008 0.0274 0.0275 0.090 13.13
Simulated PS 1.02  0.0012 0.0348 0.0325 0.088 31.92
n = 2000 Bias (%) MSE MC-SE SE  ASAM Max-Weights
GBM-Stack 1.02  0.0013 0.0364 0.0355 0.107 11.10
LR-Stack 1.16  0.0014 0.0370 0.0360 0.115 13.13
Superlearner 1.99 0.0012 0.0349 0.0341 0.104 10.07
AVNNET 1.65 0.0015 0.0382 0.0367 0.111 20.55
NNET 277  0.0019 0.0427 0.0395 0.125 31.10
RLR 4.00 0.0013 0.0356 0.0340 0.115 22.93
LR 476  0.0014 0.0362 0.0344 0.120 25.38
Twang-GBM 894 0.0012 0.0336 0.0334 0.104 13.06
Simulated PS 0.99 0.0018 0.0427 0.0390 0.107 27.44
n = 1000 Bias (%) MSE MC-SE SE  ASAM Max-Weights
GBM-Stack 2.17  0.0026 0.0503 0.0495 0.149 10.24
LR-Stack 2.55 0.0028 0.0524 0.0504 0.162 12.88
Superlearner 3.77 0.0023 0.0473 0.0469 0.142 8.33
AVNNET 328 0.0032 0.0563 0.0516 0.162 20.72
NNET 476  0.0039 0.0614 0.0550 0.182 28.35
RLR 4.13  0.0025 0.0490 0.0474 0.157 18.32
LR 548  0.0027 0.0504 0.0481 0.164 21.60
Twang-GBM 10.67  0.0022 0.0462 0.0464 0.139 10.81
Simulated PS 1.90 0.0034 0.0577 0.0527 0.147 20.50

(GBM-Stack and LR-Stack) demonstrated superior reduction of bias in the ATE estimation for
all three data sizes. With an average relative bias of 1.37%, 1.02% and 2.17% for the respec-
tive data sizes 1,4 € {3000, 2000, and 1000}, especially the GBM-Stack-based ATE estimator
led to nearly unbiased ATE estimates. The performance almost reaches the top benchmark of
1.02%, 0.99%, and 1.90% relative bias, which was obtained by including the simulated “true”
propensity scores (from Formula 6) in the ATE estimation (obviously not available in practice).
Note that ignoring confounding by just taking the differences of outcomes of the treated and
untreated group (without using propensity score weighting) would have led to significantly bi-
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Figure 2: Comparison of relative bias (in %) resulting from the different ATE estimators for
data size n = 2000. The illustrated bias results present the average bias over the eight scenarios
(A-H) for each treatment effect vy, € {-1.2,-1.0,-0.8,-0.6,-0.4,+0.4}, respectively. For
data size n € {3000, 1000}, the results are similar and illustrated in Figure A.5 and A.6 in the
Appendix.

ased ATE estimates. On average across simulation setups such a “naive” approach would have
led to ~34% relative bias in the ATE estimator, ranging between 5% and 80% across setups
(Appendix, Tables A.32, 66, and 100), thus demonstrating the positive impact of the described
stacked ensemble propensity score based IPTW approach to substantially reduce bias in the ATE
estimation.

Comparing the performance of our stacked ensembles with other elaborated propensity score
estimators proposed in the literature, most notably, the high bias of the Twang-GBM based es-
timator (Ridgeway et al., 2014) is apparent. With an overall average bias of 8.26%, 8.94%,
and 10.67% for the three data sizes (Table 1), the Twang-GBM based estimator failed to re-
move bias in the ATE estimator to a large extent. Using Superlearner (Pirracchio et al., 2014)
led to less biased estimates than the Twang-GBM model, yet overall on average still around
twice the magnitude of our GBM-Stack model bias. Figure 2 provides a more detailed com-
parison of the resulting bias of the different propensity score-based ATE estimates. More pre-
cisely, Figure 2 presents the average relative bias (in %) obtained for each treatment effect setup
Yo € {—1.2,-1.0,-0.8,-0.6,-0.4, +0.4} for data size n=2000 by averaging the bias results of
scenarios A-H, respectively. For data sizes n € {3000, 1000} the respective figure is found in the
Appendix (Figure A.5 and A.6), exhibiting a very similar pattern.

Figure 2 (as well as Figure A.5 and A.6) illustrate that both stacking models GBM-Stack and
LR-Stack led to the lowest bias in the ATE estimator across all considered simulated treatment
effects y0o € {-1.2,-1.0,-0.8,-0.6,—-0.4,+0.4}. On the contrary, the Twang-GBM model
(Ridgeway et al., 2014) led to substantially biased ATE estimators, with up to ~14% relative
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bias for y;o = —0.4 and data size n=2000 (Figure 2), whereas GBM-Stack led to relative bias
of ~1% in the same setup. Superlearner (Pirracchio et al., 2014) led to moderate relative bias
results across the simulated ATE, between two and three times as high compared to GBM-
Stack, except for y.o = +0.4 where it led to only slightly higher bias. Note that especially for
the larger data size n = 3000 (Appendix, Figure A.5) the resulting bias of Superlearner was
considerably higher compared to the other models, with a maximum of ~6% relative bias for
vro = —0.4. We also compared our models to a standard logistic regression (LR) estimator,
conventionally used for propensity score estimation in the literature. The logistic regression-
based estimator led to low/moderate bias for ATE estimates with larger treatment effect mag-
nitudes (y;p € {—1.2,—1.0,-0.8}). However, a large increase of relative bias can be seen for
vro € {—0.6,—-0.4, +0.4} setups, leading to a maximum relative bias of ~13.5% for y, o = +0.4
(Figure 2). We found that the regularized logistic regression version (RLR), which aims to pre-
vent overfitting by adding a penalization of high parameters to the logistic regression model,
is favorable in terms of bias reduction across the ATE setups. Regularized logistic regression
led on average to around 1% less bias than the standard logistic regression model (LR). More
competitive in terms of bias reduction were the neural network-based estimators NNET and
AVNNET. Across the different ATE setups of data size ne {2000, 1000} (Figure 2 and A.6) the
AVNNET-based estimator led to less bias than NNET (of around 1% on average). In these se-
tups, AVNNET was thus most competitive to our stacked models in terms of bias reduction.
NNET led to slightly less bias than AVNNET across the n = 3000 ATE setups. However, both
neural network-based models still led to higher bias than our stacking models. Finally, compar-
ing both of our proposed methods GBM-stack and LR-stack, a slight but consistent advantage
is visible in favor of the GBM-Stack model across the ATE setups. There was only one ATE
setup, y.0 = —0.4 with n = 3000 (Figure A.5), where LR-Stack led to slightly less bias than
GBM-Stack.

Note that the general increase of the presented bias results from y;,0 = —1.2 to y;o €
{—0.4,+0.4} (Figure 2) is partially due to the fact that we present the relative bias by divid-
ing the absolute bias magnitudes through the respective ATE magnitude |y;o|. However, the
increase of bias is not proportional across the models (e.g. increase of relative bias for logistic
regression is stronger). Whereas we do not have any theoretical or experimental explanation for
that behavior, we assume that at some regions of the propensity score estimation (for certain ob-
servations) the propensity scores are not correctly estimated, leading to errors in the computed
sample weights. In the estimation of the ATE, these weights only make a difference if the re-
spective outcome is one (not zero). Since the marginal outcome probabilities are decreased with
negative ATEs, these (incorrect) weights matter less for the strongly negative ATEs. Figure 2 (as
well as Figure A.5 and A.6) demonstrate that our stacked ensembles led to the lowest relative
bias throughout the different ATE setups, indicating robustness of our method with respect to
changes in treatment effect magnitudes.

Since the underlying associations between the covariates and the treatment (e.g. scenarios
A-H) can usually not be identified in practice, we suppose that any recommended model should
perform well across a range of various scenarios. This is summarized above by the average
bias across scenarios A-H (e.g. Figure 2). In the following, we briefly examine the bias results
for the scenarios A-H separately. We summarized the simulation results for each scenario by
averaging the relative bias results obtained for the six ATEs vy, and the three data size setups
for each scenario A-H (Appendix, Table A.111), respectively. Our proposed GBM-Stack model
led to the lowest relative bias in five out of eight scenarios (A, B, D, E, H), with a minimum
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relative bias in scenario A (0.38%) and a maximum in scenario F (2.58%). Both stacked models
led to lower relative bias than the Twang-GBM model in all eight scenarios A-H, which had its
maximum bias in scenario E (13.2%). Superlearner led to higher bias than both of our stacked
models in all scenarios except for scenario G (1.74%), with a maximum in scenario F (5.16%).
The AVNNET based model led to lower bias than our stacked models only in two out of the
eight scenarios (C and F), with a maximum relative bias in scenario E (3.32%). As expected,
the logistic regression-based model performed well in scenario A (0.84%), which only contains
main effects in the simulated propensity score model. However, in scenarios with more com-
plex associations between the covariates and the treatment (non-additivity or non-linearity) the
logistic regression model led to strongly increased bias, with a maximum of 8.13% in scenario
H. A similar trend was shown for the regularized logistic regression model, which had slightly
less bias compared to the plain logistic regression model across scenarios.

4.1.2. Variability and mean squared error of ATE estimation

In addition to the main objective of our study, the bias of the ATE estimators, we were also
interested in the variability of the estimates, which we assessed through the Monte Carlo stan-
dard error of the m = 1000 ATE estimates (MC-SE) in each simulated setup. A summary of
the resulting MC-SE for our three data size setups (averaged over the eight scenarios and six
ATEs) is presented in the third column of Table 1. In general, a variance-bias trade-off is visible
when comparing the bias and MC-SE across models in Table 1, whereas models with lower bias
tended to have more variability, expressed in higher MC-SE. The Twang-GBM model, with the
most strongly biased estimates among the compared models, led to the lowest variability with an
average MC-SE of 0.0274, 0.0336, and 0.0462 for the data sizes ne {3000, 2000, 1000}. Super-
learner, with moderately biased estimates, led to slightly higher MC-SE of 0.0282, 0.0349, and
0.0473 on average for the three data size setups. On the other hand, the relatively little biased
neural network-based estimate (NNET) led to the highest variability with an average MC-SE
of 0.0343, 0.0427, and 0.0614 for the three data sizes, respectively. Note that using the aver-
aged neural network model (AVNNET) led to substantially improved variability compared to the
single neural network (NNET) with around 10% less MC-SE on average across the simulated
setups. Similarly, the regularized logistic regression model (RLR) had consistently less MC-SE
than the plain logistic regression model (around 2% on average). Examining the variability of
our proposed stacked ensemble model estimates, the variance-bias trade-off was less substantial.
Having the lowest biased estimates across setups, our stacking models still had lower MC-SE
than both neural network-based models and a similar magnitude of MC-SE compared to the
moderately biased logistic regression model. Comparing both stacking models, with an average
MC-SE 0of 0.0298, 0.0364, and 0.0503, the GBM-Stack model led to slightly less variability than
the LR-Stack based estimates (0.0301, 0.0370, and 0.0524).

In general, we suppose that overall the magnitude of variability of the presented ATE esti-
mators is reasonably small. Except for the neural network (NNET) based model, all discussed
propensity score models led to lower variability in the ATE estimation (through Formula 4) than
incorporating the simulated “true” propensity scores. Note that this result is in line with theoreti-
cal findings (Hirano et al., 2003) and empirical findings (Griffin et al., 2017), that well-estimated
propensity scores can lead to more efficient ATE estimators by incorporating the observed treat-
ment status.

Obviously, the MC-SE of the models is only available in a Monte Carlo simulation study
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with a number of i.i.d. sampled data sets for each setup. In practice, on a real-life data set,
the standard errors are commonly estimated using a robust sandwich-type variance estimator
(Kauermann and Carroll, 2001), as described in Section 3.3. To assess the estimates, we com-
puted the robust sandwich-type standard errors on each of the m = 1000 data sets for each of the
setups and report the mean of the m = 1000 estimates, respectively (Appendix, Tables A.26-31,
60-65, 94-99). Table 1 contains a summary of the estimated robust sandwich-type standard error
estimates (SE) for the three data size setups (averaged over the eight scenarios and six ATEs),
indicating lower magnitudes of estimated SE than the reported MC-SE. Considering the ratio
(MC-SE/SE) across the simulation setups (Appendix, Table A.112), we found that the robust
sandwich-type standard errors consistently underestimated the MC-SE for most of the mod-
els, with around 5-10% higher MC-SE for the neural network-based estimates, around 3-4%
for the logistic regression-based estimates, and around 1-2% for GBM-Stack and Superlearner
(SL). For the Twang-GBM estimates, the estimated SE had a similar magnitude compared to
the MC-SE. Note that this is a quality test of the robust sandwich-type standard error estimator
to accurately estimate the variability of the different ATE estimators, rather than a quality of
the ATE estimators themselves. We suppose that underestimating the standard errors by 1-2%,
as occurred for the GBM-Stack or Superlearner model, is not overly severe, but since it was
observed consistently throughout the setups, it might evoke the necessity of a more conservative
standard error estimator.

Finally, the variance-bias trade-off as described above is recognizable when comparing the
mean squared errors (MSE) of the ATE estimates. Models with a low bias tended to have a
higher variance, resulting in a slightly higher MSE. Table 1 shows that overall the MSE of the
Twang-GBM model, Superlearner, and our proposed GBM-Stack model is very similar. With
an MSE of 0.0008, 0.0012, and 0.0022, Twang-GBM had the lowest MSE values on average for
the three data size setups, closely followed by the Superlearner (0.0008, 0.0012, and 0.0023) and
the GBM-Stack model (0.0009, 0.0013, and 0.0026). The neural network-based models led to
the highest MSE values (0.0012, 0.0019, 0.0039 for NNET), whereas the MSE of the AVNNET
model was around 20-25% lower than the MSE of the single NNET model, due to its improved
variability. Similarly, the regularized logistic regression model (RLR) had slightly less MSE
than the plain logistic regression model (0.009, 0.0014, 0.0027). Due to overall superior bias
and MC-SE results, the GBM-Stack model also had lower MSE than the LR-Stack model.

4.2. WEIGHTS ASSESSMENT

Extreme weights can affect the ATE estimate significantly in IPTW (Rubin, 2001). Therefore,
weight distributions with low spread and without large outliers are desirable, such that single
observations do not disproportionately affect the ATE estimation. Note that all weights are
greater than 1 by definition (Formula 3). The weight distributions of the presented models had
an average between 1.7 and 2.3 throughout the setups, with lower quartiles close to 1.2 and
upper quartiles between 1.8 and 2.2 (Appendix, Table A.39-41,73-75,107-109). High weights
occur when estimated propensity scores are close to zero or one and do not match with the true
class labels. In Table 1, the averaged maximum weights over m = 1000 simulations are shown
for the three data size setups (averaged over scenarios and ATEs). On average, the Superlearner
and the GBM-Stack model led to the lowest maximum weights (between 8 and 12), directly
followed by the LR-Stack and the Twang-GBM model (between 10 and 13). We suppose that
these maximum weights are reasonably small, such that single observations do not overly affect
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the point estimate. On the other side, the neural network-based ATE estimator had substantially
higher maximum weights (around 30), corresponding to high variability in the ATE estimation.
Note that the relatively high averaged maximum weights of the logistic regression-based models
(between 21 and 27) are partially explained by extreme weights in scenario D, with maximum
weights at around 50 (Appendix, Table A.38, 72, 106). In said scenario, the logistic regression-
based model also had its highest variability in the ATE estimation, with a maximum MC-SE
of 0.0812 (in the n,,,; = 1000, vy o = 0.4 setup; Appendix, Table A.93), even falling behind
the neural network-based models. The prevention from overfitting, as specifically aimed by the
averaged neural network (AVNNET) and the regularized logistic regression (RLR) model, led to
a prevention of overconfident predictions and thus to smaller weight outliers compared to their
respective plain models (NNET and LR). Recall that this was accompanied by less variability of
the ATE estimates of AVNNET and RLR compared to NNET and LR, respectively.

The comparably high maximum weights for the simulated “true” propensity score resulted
from our relatively small simulated probabilities of treatment assignment (Appendix, Figure
A. 4), which we found realistic in educational studies, e.g. Guarcello et al. (2017). Our stacked
ensembles, therefore, show a desired ability by predicting propensity scores with less confidence
towards the edges (0,1), leading to low maximum weights and low variability in the ATE esti-
mate, but still leading to unbiased point estimates. Note that for our stacking models we have not
observed any cases with extreme weights, accompanied by high ATE estimation errors. Nev-
ertheless, we suppose that particular caution and further analysis is appropriate if such weights
might occur on a real-life data application.

4.3. CoVARIATE BALANCE — ASAM ASSESSMENT

As a predominantly used balance measure, we assessed the averaged standardized absolute mean
differences (ASAM), in the IPTW weighted data of the different simulation setups, with a sum-
mary presented in Table 1. The ASAM in the unweighted data was around 0.27, averaged across
the data setups. In general, all presented methods led to considerable balancing of the data in the
IPTW weighted data sets. Averaged across all setups, Superlearner (0.099), GBM-Stack (0.100),
and Twang-GBM (0.100) led to the lowest ASAM magnitudes, very similar to the value obtained
by using the simulated “true” propensity score (0.100). Slightly higher ASAM was obtained by
the LR-Stack model (0.108), the neural network-based models NNET (0.116), and AVNNET
(0.105), as well as the logistic regression-based models LR (0.113) and RLR (0.109). Note that
the ASAM values in our larger data size setups were generally smaller due to reduced sampling
error. The magnitude of the weighted ASAM results in our scenarios is comparable to results in
similar simulation studies, e.g. (Lee et al., 2010; Pirracchio and Carone, 2018). In addition to the
ASAM, we also computed the average of the standardized absolute mean differences including
the four confounding covariates only (ASAM,,,s), which led to very similar results, indicat-
ing that our models led to well-balanced confounders. Details are presented in the Appendix,
Section 11.1.

4.4. ReLatioN oF ASAM anp ATE ESTIMATES

In addition to the magnitude of ASAM in the weighted data, we were interested in the relation
of the ASAM results with the performance of our models to estimate the ATE. In particular,
we were interested if the ASAM can be employed as a selection measure to indicate the top-
performing propensity score estimation models for a given data set in a specific scenario.
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Recall that the unweighted data had an average ASAM of 0.27 leading to an unweighted
“naive” ATE estimate with ~34% bias on average, whereas the average ASAM of the IPTW
weighted data was between 0.10 and 0.12 with an average of around 1% to 10% relative bias
in the ATE estimates across the models. Thus, comparing the non-weighted and the IPTW
weighted data, the substantial decrease of ASAM (Section 4.3) was generally accompanied by a
reduction of bias in the ATE estimates for all presented models (Section 4.1.1). As a comparison,
using a very poor propensity score estimation model such as bagged CART (as described in Ta-
ble A.4 in the Appendix) led to highly imbalanced covariates with an average ASAM of around
0.30 and an average of ~25% relative bias. The failure of removing confounding associated with
high bias could thus be well indicated by the high magnitude of ASAM and distinguished from
our presented “well” performing models. Considering the scenarios individually, for instance,
the previously in Section 4.2 mentioned poor performance (in terms of bias and MC-SE) of the
logistic regression-based model estimate in scenario D was also associated with higher ASAM
values (around 0.170), substantially higher than the average ASAM of logistic regression across
scenarios (around 0.113) (Table A.36, 70, 104).

In these preceding simulation examples, ASAM successfully measured imbalance and indi-
cated confounding in the data, connected to poor ATE estimation. This serves as a motivation
to use the ASAM as a balance check assessing the fit of the propensity score estimation models
as proposed in the literature (Austin and Stuart, 2015). Having said this, we were further inter-
ested if the ASAM also contains meaningful information about the quality of the ATE estimate
given a specific data set application and a set of different ATE estimators. More precisely, we
were interested if it is a reasonable approach in practice to fit various propensity score mod-
els on a given data set and select the model with the lowest ASAM, as one might be tempted
to do, given the previous results. Note that by directly targeting the optimization of ASAM,
Ridgeway et al. (2014) carry out a similar strategy, though only considering the ASAM in the
Twang-GBM model fit and not comparing the ASAM of a set of several different estimation
models. To investigate our question, in each scenario and in each of the m = 1000 data sets,
we used the absolute ATE estimation error and the ASAM (or ASAM,,,s) from our eight ex-
amined learners and calculated the Pearson correlations over these eight data points. We then
calculated the average of the correlations over the m = 1000 data sets in every scenario. Recall
that in this case a correlation of 1 means that a high absolute ATE estimation error is directly
connected to a high ASAM in each data set. To our surprise, we did not find any correlations
in this examination. Using the ASAM, the average correlation across setups was 0.06, with an
overall maximum of 0.20 in scenario D in the n,,, = 1000 and y;» = 0.4 setup, containing the
poor performance of the logistic regression-based model as previously mentioned. Using Spear-
man correlations, or, the ASAM,,, s instead of the ASAM, led to even lower correlations with a
mean of 0.05 across the setups. These results suggest that, given a specific data set in a specific
scenario, the ASAM does not contain helpful information about the performance of the models
examined in our simulations (summarized in Table 1). Thus, a selection of a specific model
based on the ASAM magnitude obtained on a given data application might be misleading. Note
that adding two very poor performing models KNN and BAG-CART with high ASAM and high
ATE estimation error led to considerably higher correlations at around 0.5 averaged across all
setups. However, we suppose that in practice these two models would not be considered anyway
due to their overall poor performance. We refer to the Appendix for a listing of the computed
correlations (Table A.113 - 126). In addition, in our simulations, we could not find any indi-
cation of a critical magnitude of standardized absolute mean differences that would generally
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imply concerning confounding and bias in the point estimate (details provided in the Appendix,
Section 11.2).

In summary, our simulations suggest that the ASAM is not a suitable measure for model
comparison and selection, given a specific data application and the set of ATE estimation models
examined in our simulations. With the lack of such a measure, we cannot indicate a certain
expert model which works well on a given data setup. This strengthens our motivation to use
an estimation model that works well on a broad range of setups, such as our proposed GBM-
Stack model. Note that we do not generally challenge the usage of the ASAM as a balance
measure. We still suppose that computing and comparing the ASAM of the unweighted and
model weighted data, as proposed in the literature (Austin and Stuart, 2015), is a reasonable
course of action in practice, mainly for two reasons. Firstly, the reduction of bias in the ATE
estimate from the unweighted to the IPTW model weighted data was accompanied by a reduction
of ASAM throughout setups and models, as specified in the first paragraph of this section. We
suppose that an unbiased model should demonstrate similar behavior in practice. Secondly, our
proposed stacked models performed very well across the examined data setups and no erroneous
or poor model fits were observed, accompanied by high ASAM. We cannot rule out that such
poor model fits never occur in practice, for whatever reasons. The assessment of ASAM thus
serves as a sanity check, whereas excessive ASAM values, as an indicator of imbalance in the
weighted data, should raise concerns. We suppose that some expert knowledge in the field
of application is necessary to assess which magnitudes of ASAM, or more specifically which
standardized absolute mean differences for the individual covariates might indicate concerning
confounding for the specific application.

4.5. SUMMARY OF MAIN SIMULATION RESULTS

e Our proposed stacked ensembles LR-Stack and GBM-Stack demonstrate superior bias
reduction in ATE estimation using IPTW compared to state-of-the-art propensity score
estimation models on a broad range of realistic educational data setups;

e GBM-Stack leads to lower bias and lower variability in ATE estimation than LR-Stack.
We thus suggest it as the novel default method for propensity scores when using IPTW;

e Our stacked ensembles lead to desirably low maximum IPTW weights, reducing the risk
of excessive influence of single observations in the ATE estimation;

e Averaged standardized mean differences (ASAM) fail as a measure for propensity score
model selection in our simulated data;

e The estimated robust standard errors (SE) consistently underestimate the empirical Monte
Carlo standard errors, evoking the need for a more robust standard error estimator.

5. Dama anaLysis - PSY 101

We apply the best-performing model from our simulation study, namely GBM-Stack, to a real-
world data set. We investigate the effect of a Supplemental Instruction (SI) program in an in-
troductory psychology course at San Diego State University. More precisely, we are interested
in the population average treatment effect (ATE) of the SI program on student success. Since
attendance at the SI program is voluntary, selection bias leads to differing covariate distributions
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in the treatment and control groups. To get an unbiased estimate of the ATE, we employ inverse
probability of treatment weighting (IPTW) as described in Section 2.1 (Formula 4), based on
our proposed GBM-Stack estimated propensity scores. The purpose of the analysis in this sec-
tion is twofold. It firstly serves as an illustration of our proposed stacking method on real-world
educational data. Secondly, the analysis itself contributes to the educational literature, since the
population average treatment of the SI course, implemented at San Diego State University, has
not yet been assessed before. In Section 6, we discuss the difference to a propensity score match-
ing study on previous SI data by Guarcello et al. (2017), which assesses the average treatment
effect of the actually treated group (ATT), with an emphasis that the ATT and ATE are two very
distinct concepts and statistics.

5.1. PSY 101 SuppLEMENTAL INsTRUCTION (SI)

The data was collected from two sections in an introductory psychology course (PSY 101) in
Fall 2015, 2016, and 2017, respectively. The courses were taught by the same instructor. In
addition, the two sections had the same syllabus, and an identical structure in terms of textbook,
homework, and exams. The sections were given in a hybrid format, where the students had one
day of a face-to-face lecture, and a live online lecture the other day. Students who were unable to
attend the online sessions were able to access the lecture at their convenience since the lectures
were recorded.

This introductory course is required for psychology majors and it is a prerequisite in social
and behavioral sciences for other majors. It is indeed a course in which many freshmen and
sophomores will enroll to fulfill their general education requirements. This course has a high
DFW rate (grades D, F or withdraw W), therefore it has been identified by the California State
University (CSU) system as a bottleneck. This increases the chances of not having enough seats
available for incoming freshmen or transfer students due to many students having to repeat the
course. Consequently, such bottleneck courses have impacted the university by slowing down
student progress towards graduation.

The university provides SI to address a significant challenge, bottleneck courses. SI was
created at the University of Missouri Kansas City (UMKC) in 1973. SI started at San Diego
State University (SDSU) in Fall 2015 following the model created at UMKC (UMKC, 2018).
SI leaders are undergraduate students that successfully completed the given course. The SI
leaders must have an overall grade point average of 3.0, earned at least a B+ when they took the
course, and ought to be recommended by the professor of the course. The SI leaders are trained
in state-of-the-art methods for active learning environments and the SI peer-assisted learning
infrastructure. The SI leaders attend class to serve as model students for the enrolled students
and lead scheduled weekly 90-minute SI sessions available to all students enrolled in PSY 101.
Student participation in these SI sections is voluntary and non-credit bearing.

5.2. DATA DESCRIPTION

The PSY 101 data set contains 2,173 observations and 33 covariates. In total, 911 students
attended the SI program at least once which corresponds to a proportion of 0.42 of the data. The
response variable used for this study was a binary pass/fail outcome. The cut-off to pass the
course was a C- or better; and D, F, or withdraw (W) was considered as failed. This so-called
DFW outcome is a standard measure at CSU to identify student success. Note that student
success can also be determined more generally by the learning progress or knowledge of a
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student at a certain time — we refer to Pardos et al. (2012) for more details. There is a 15%
proportion of students earning a D, F, or W grade. There are 27 categorical variables and 6
continuous variables for our explanatory covariates which we consider as predictive for both SI
attendance and course success. Table 2 contains a short description of each covariate, and more
detailed information is provided in Table B.135 in the Appendix.

The data set was almost complete, 97% of the observations did not have missing values. Just
four variables, SAT Comp Conv, EOT Term Units Enroll, EOT Term Units Earn, and Incoming
GPA, had missing values with a proportion of 2.2%, 1.8%, 1,8%, and 0.1%, respectively. The
values were imputed for each split, as described in Algorithm 1, using k-nearest neighbour
imputing in the caret package (Kuhn, 2008).

5.3. PROPENSITY SCORE AND ATE ESTIMATION

We used Formula 4 (Section 2.1) to estimate the ATE of SI attendance with respect to student
performance in the PSY 101 course. To estimate the propensity scores, we set up GBM-Stack
as described in Algorithm 1 (Section 2.2) using GBM as a meta learner and all 12 models
(described in the Appendix, Table A.4) as base learners. We performed K = 3 fold outer cross-
validation for the ensemble evaluation (step 2-5 and 12-18 in Algorithm 1) and a J = 2 fold
inner cross-validation to obtain the level-1-data (step 6-11 in Algorithm 1). The base and meta
learner training and tuning parameter selection was implemented such as in our simulation study,
described in Section 2.3.

We used bootstrapping to estimate the standard errors of the ATE estimates since the robust
sandwich-type standard error estimates (described in Section 3.3) underestimated the empirical
Monte Carlo standard errors throughout the simulation studies (Section 4). To reduce computa-
tional cost, we bootstrapped the estimated propensity scores after the model fit and not the actual
data set before model fit. B = 10, 000 bootstrap samples were created and used to estimate 95%
confidence intervals of our point estimates.

5.4. Results
5.4.1. Covariate balance and weights

We assessed the balance of the PSY 101 data before and after weighting following the rec-
ommendations by Austin and Stuart (2015). Our evaluations indicated moderate covariate im-
balance in the unweighted data, which could be reduced by IPTW, based on our GBM-Stack
estimated propensity scores. There were eight covariates with standardized mean difference
(smd) greater than 0.1 in the unweighted data, which was reduced to only one covariate in the
weighted data. In the unweighted data, the average of the standardized absolute mean differences
(ASAM) over the 33 covariates was 0.066 and the mean Kolmogorov-Smirnov statistics (K-S)
across all covariates was 0.0154, with a maximum at 0.0696. In the IPTW weighted data, the
overall ASAM (including all 33 covariates) was 0.040, and an average K-S statistic of 0.0104
was obtained, with a maximum of 0.0483. For the purpose of our study, we were confident
about the balance achieved in the data after weighting. A detailed balance assessment for each
covariate is presented in Appendix B, Section 13.2.

The distributions of the weights (computed through Formula 3, Section 2.1) were centered
between 1 and 2, with maxima weights below 10 in both groups. The relatively low weights
show that no observations overly impact the treatment effect estimation due to large weights.
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Table 2: Variable description for the PSY 101 course data.

Variable

Description

Outcome Variable
Course success

Binary pass/fail (at C- cutoff) based on PSY 101 final grade.

Treatment Variable
SI

Supplemental Instruction course attendance.

Categorical Covariates
Course number
Period
Entry Term
URM
Gender
Parent 1
Parent 2
Military
In Service Area
County Name
HS Grad Year
AP Calculus
AP Statistics
AP Chemistry
AP Biology
AP English
AP English
Fall Both
HS Math
HS English
Compact
EOP
FAST
Res Learning Com
Term 1 SIMS College
Term1 Pre Major Status
Term1 Housing

Specification of the course taken by the student.

The period when the student took the course.

Year of first attendance in any term at California State University.
Underrepresented minority, self-reported by student at application.
Self-identified gender.

Highest education (HE) of first parent.

HE of second parent. Measure of family experience in HE.

Duty in U.S. military in past or dependent of active member.
Graduated from a school that is inside SDSU’s service area.
Student’s Institution of Origin County

Year student graduated from High School.

Advanced placement examination Calculus.

Advanced placement examination Statistics.

Advanced placement examination Chemistry.

Advanced placement examination Biology.

Advanced placement examination English Language

Advanced placement examination English Literature.

Proficient in Math and English by beginning of first Fall semester.
Proficient in Math by end of High School.

Proficient in English by end of High School.

Indicator for Compact Scholars program participants.

Indicator for Education Opportunity Program participants.
Indicator for FAST program participants.

Indicates Residential Learning Community program participants.
Indicates a student’s College assigned in term 1.

Indicates whether a student is a pre-major.

Student resided in campus residence hall in term indicated.

Continuous Covariates
Age
SAT Comp Conv
Incoming GPA
Incoming Units
EOT Term Units Enroll
EOT Term Units Earn

Student’s age at entry.

Combined SAT Verbal and Math.

Official GPA for admission to any California State University.
Transferable units earned at universities other than CSU campus.
Number of units enrolled at indicated term.

Number of units earned at indicated term.
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5.4.2. Treatment effect estimation

We obtained an ATE estimate of -0.066 (marginal risk difference) with a 95% bootstrap confi-
dence interval (CI) of (-0.097, -0.034). Recall that the outcome Y = 1 was set as a DFW grade
in the PSY 101 course and therefore a negative outcome. This said, our results show that there
is a positive effect of SI attendance regarding course success.

A summary of the SI ATE estimation results is shown in Table 3. Figure 3 illustrates the
ATE estimates obtained by using B = 10, 000 bootstrap samples of our GBM-Stack estimated
propensity scores. The blue circle presents the ATE estimate using the propensity scores without
bootstrapping. The distribution of the bootstrap estimated ATEs is bell-shaped and centered at
the ATE estimate of the actual propensity score set. We therefore constructed bootstrap con-
fidence intervals at the 2.5% and 97.5% quantiles of the ATE distribution, leading to a 95%
bootstrap CI of (-0.097, -0.034). The bootstrap standard error of the marginal risk difference
ATE estimate had a magnitude of 0.0160, whereas applying the robust-sandwich type standard
error estimator led to a magnitude of 0.0157. On a log-odds scale, an ATE estimate of -0.523 was
obtained with a bootstrap standard error of 0.132, whereas the robust sandwich-type standard
error estimator led to a magnitude of 0.130. The bootstrap standard errors were thus slightly
more conservative in this analysis.

Summary Statistics SI results

ATE (risk difference) ~0.066 8 ]

ATE (odds ratio) 0.593 > v |

ATE (logOR) -0.523 2
Bootstrap SE 0.016 e o |
Bootstrap SE (OR) 0.079

Bootstrap SE (IogOR) 0.133 o -
ASAM (weighted) 0.040

Mean ks-statistics (weighted) 0.010 o — ani®

-0.12 -0.10 -0.08 -0.06 -0.04 -0.02

Estimated ATE

Table 3: Summary of the population aver-  Figure 3: Histogram of estimated population-

age treatment effect estimation of SI atten-  averaged treatment effects (ATE), precisely the

dance on PSY 101 course success, using  marginal risk difference, of the SI program us-

IPTW weights based on GBM-Stack esti- ing B = 10,000 bootstrapped propensity score

mated propensity scores. LogOR denotes  sets. The blue point illustrates the ATE estimate

values presented in log-odds scale. on the actual data set and the red line the 95%
bootstrap CI of the point estimate.

Using this estimator, we have evidence that moving the whole PSY 101 student population
to SI attendance would on average lead to 1.69 times higher odds to pass the PSY 101 class
compared to not offering SI, with a 95% CI of (1.31, 2.20). We suppose that our statistically
principled assessment of the effectiveness of SI on student success could have substantial impli-
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cations towards the funding and extension of the program to other courses and universities.

6. ConNcLusioN

In this paper, we present a novel stacked generalization approach for propensity score estimation
used for inverse probability of treatment weighting (IPTW) to reduce bias in the estimation of
population average treatment effects (ATE) in observational studies. We perform a very com-
prehensive Monte Carlo simulation study covering a large range of various data setups that we
consider as realistic for educational, observational data. Our proposed stacked ensembles, GBM-
Stack and LR-Stack, demonstrated superior bias reduction in the ATE estimation throughout the
simulations, compared to currently considered models in the propensity score literature such as
neural network-based models, logistic regression-based models, Superlearner, and Twang-GBM
(Setoguchi et al., 2008; Lee et al., 2010; Westreich et al., 2010; Ridgeway et al., 2014; Pir-
racchio et al., 2014; Pirracchio and Carone, 2018), thus moving forward the best practice in
propensity score estimation using IPTW. In general, most of the examined models in our simu-
lations demonstrated well-balanced covariates and a large reduction of ATE estimation bias in
the IPTW weighted data, compared to the non-weighted data — hence underlining the great value
of propensity score methods on observational, educational data at large.

Our proposed stacked models led to almost unbiased ATE estimates, close to the values tech-
nically obtained by incorporating the simulated “true” propensity scores into the IPTW model,
which obviously are not given in practice. It is notable that the simulated “true” propensity
scores led to higher variability in the ATE estimates than our stacked ensembles. With this find-
ing, we are in line with previous theoretical results (Hirano et al., 2003) and empirical findings
(Griffin et al., 2017), suggesting that weighting on the inverse of estimated propensity scores,
rather than on the “true” simulation propensity scores, can lead to a more efficient estimation
of the ATE. Noise in the actual data sample is also considered through the empirical propensity
score estimate. The original propensity score theory (Rosenbaum and Rubin, 1983) describes
the propensity score as the coarsest balancing function, implying that more efficient balancing
functions exist. Using the simulated “true” propensity scores in IPTW led to relatively large
maximum weights, resulting from the low simulated propensity scores we chose to mimic edu-
cational data sets in practice. Concerning this matter, our stacking models demonstrated another
desired property by having less confidence in propensity score estimates close to the edges, zero,
and one. This led to low maximum weights across the scenarios.

In general, a variance-bias trade-off was visible throughout the simulations. Twang-GBM,
which had the highest bias in the ATE estimation across the simulations, led to the lowest vari-
ability in the estimates. Since Twang-GBM failed to remove bias by a large proportion, thus
missing the primary goal of having unbiased ATE estimates, we would not consider Twang-
GBM as a good-performing model in our simulation study. Superlearner led to moderately-low
biased ATE estimates, yet consistently higher than the bias of our stacked models throughout
the simulation setups. Due to the variance-bias trade-off, Superlearner had lower variability in
the ATE estimates and similar mean squared error compared to our proposed stacked ensem-
bles. In this case, we suppose that unbiasedness along with accurate standard error estimates
is desirable in drawing causal conclusions about treatment effects, thus favoring our proposed
stacked ensemble models. In our simulations, we consider Superlearner as most competitive to
our proposed models however.

The sandwich-type variance estimator (Kauermann and Carroll, 2001), commonly used to
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estimate standard errors in propensity score IPTW studies, slightly underestimated the variabil-
ity of the ATE estimates throughout the setups. In our data analysis (Section 5), we thus used
bootstrap standard errors, which were slightly more conservative in our case. We are in ac-
cordance with previous studies (Pirracchio et al., 2014), encouraging further research to obtain
more accurate standard error estimates in propensity score IPTW setups.

Comparing the averaged neural network model with the single neural network, and the reg-
ularized logistic regression model with the plain logistic regression, the former overfitting pre-
vention models led to better performance in the ATE estimation, respectively. Especially in
scenarios with complex associations between the covariates and propensity scores, the logistic
regression-based models led to unreliable, highly biased ATE estimates. As expected, in se-
tups with additivity and linearity (scenario A) logistic regression led to almost unbiased ATE
estimates though — showing that, if correctly specified, logistic regression is a well-performing
propensity score estimation model. To explain the superior performance of our proposed stacked
ensembles, the performance of the simple logistic regression model might provide some intu-
ition. In the literature, many researchers were striving to include the correct interaction and
terms of higher moments to obtain correctly fitted logistic regression models for propensity
scores. However, the associations between covariates and treatment selection are usually not
known in practice. Loosely speaking, by using the stacking approach this investigation is done
automatically through the diverse base learner set and flexible modeling approaches therein.
Thus, instead of modeling the complexity of the covariate-treatment selection associations, the
logistic regression meta learner only has to learn the errors of the base learner models, which
eventually led to reduced bias in the ATE estimation across the setups. Our simulations suggest
that using GBM as a meta learner (GBM-Stack) even outperformed the logistic regression-based
stacked ensemble (LR-Stack) in terms of bias and variability. The motivation of applying a
model such as GBM-Stack, which works well on a large range of data setups, is reinforced by
the next finding in our simulation study.

A primary objective of propensity score methods is to balance systematic differences in
the covariates between treated and untreated observations to reduce confounding caused by se-
lection bias. The most commonly used measure to assess balance between covariates is the
standardized mean difference between covariates, recommended by Austin and Stuart (2015).
In recent simulation studies (Setoguchi et al., 2008; Lee et al., 2010; Pirracchio et al., 2014; Pir-
racchio and Carone, 2018), the average of the standardized absolute mean differences (ASAM)
is presented as a measure to assess covariate balance of the proposed algorithms. Overall, our
proposed stacked ensembles showed remarkable reduction of ASAM, indicating well-balanced
covariates. Investigating the relation between ASAM and ATE estimation, a decrease of ASAM
in the IPTW weighted data compared to the non-weighted data was generally coherent with
a decrease of bias in the ATE estimation across the examined models, confirming findings in
(Franklin et al., 2014; Stuart et al., 2013; Ali et al., 2014). Given the general relation between
ASAM magnitude and ATE estimation bias, we were interested if the ASAM could also serve
as a measure for propensity model selection for a specific data application. However, there were
no correlations between the ASAM and the ATE estimation error comparing the estimates of
the examined models in our simulation study throughout the data setups. Consequently, select-
ing a model due to superior ASAM on a specific data set does not necessarily lead to lower
error; in fact, such a choice might lead to a higher estimation error. We suppose that finding
a measure that indicates a best-performing propensity score model for a specific data applica-
tion is a very valuable topic for ongoing research, even having potential implications on the
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respective model fitting. However, the lack of such a measure evokes the need of a propensity
score model that works well on a broad range of scenarios, strengthening our suggestion for the
use of GBM-Stack as a default propensity score estimation model with almost unbiased ATE
estimation performance throughout our simulations.

The data analysis in Section 5 serves as a demonstration of our proposed GBM-Stack model
on a real-life data set, and contributes to the educational literature by providing evidence for a
positive population average treatment effect of Supplemental Instruction (SI) programs (UMKC,
2018) on student success, specifically for the introductory psychology course PSY 101 at SDSU
under consideration. We implemented the GBM-Stack model with the same configurations as
proposed in our simulation study to estimate the propensity scores, incorporating twelve mod-
els in the base learner set (Appendix, Table A.4). This led to increased balance in the IPTW
weighted data, measured by reduced standardized mean differences, Kolmogorov-Smirnov statis-
tics, and mean differences of higher-order terms, compared to the non-weighted data. Our anal-
ysis suggests that moving the whole PSY 101 student population to attending SI would lead to
1.69 higher odds to pass the course, compared to not offering SI, with a 95% bootstrap CI of
(1.31, 2.20).

We note that there has been a preceding propensity score study by Guarcello et al. (2017)
on assessing the effect of SI on student success in the PSY 101 course. Guarcello et al. (2017)
found that the odds of passing the course for students who attended SI were 2.2 times higher
than those who did not attend any SI Sessions. We emphasize that there are several methodical
differences to our analysis. The current study includes additional cohorts of more recent student
observations. Further, Guarcello et al. (2017) use a cut-off at grade C, and we distinguished
between a DFW and C- or better (fail\pass). Most importantly, however, Guarcello et al. (2017)
use a propensity score matching approach to estimate the SI treatment effect of the actually
treated group (ATT), and we estimate the population average treatment effect (ATE).

At this point, we want to highlight that the ATE and the ATT are two generally distinct
estimates since individual treatment effects can be systematically different for observations (stu-
dents) in the treated and non-treated groups. The underlying covariates might not only affect
treatment selection, but also the effect of the treatment. As an example, well-performing stu-
dents might not attend an extra tuition class if they already know the provided material, and
attending the class (treatment) would not have a positive effect on them. Then, the average
treatment effect might be strongly positive in the actually treated group, but negligible when
considering the whole population. The benefit of the intervention would thus strongly depend
on the implementation, which might be crucial in educational policymaking, such as budgeting,
advertising or even obligating a treatment for the entire student population, or conceivably only
for sub-groups of the population. Principally, propensity scores could also be used to estimate
unbiased treatment effects for sub-populations in the data, e.g., based on categorical covari-
ates. For instance, some universities offer voluntary scientific writing in English courses. One
could, for example, estimate the ATE and ATT of those courses for international students — a
proportionally high ATE might for instance justify compulsory scientific writing training for
international students to prevent later bottlenecks and to increase student success. On the other
side, given a comparably low ATE, making the course compulsory (for international students)
might misspend resources.

Note that these are some general examples pointing out the differences between ATE and
ATT with potential implications in practice. The positive ATE of SI in our study, though a
bit lower than the ATT obtained by Guarcello et al. (2017), indicates that the treatment as a
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policy appears robust in its implementation. Estimating SI treatment effects on PSY 101 sub-
populations is not directly a purpose of this paper, but an interesting application for future work.
There are further extensions of the SI treatment effect analysis considered for future work. The
SI treatment effect estimation could for example be compartmentalized by estimating the treat-
ment effect conditional on the frequency of attendance, which could lead to further recommenda-
tions of how intensively the SI course should be used. This could be approached by withdrawing
the assumption of a binary treatment (attendance\non-attendance), following Imai and Van Dyk
(2004).

7. Limimations AND FuTure WOoRK

In general, there are several promising extensions of our work to consider for future research.
In this paragraph, we briefly summarize additional investigations and findings in our simulation
study with potential implications for further studies, as well as limitations of our work. As for
any simulation study, our paper has some limitations. Even though we performed a very com-
prehensive simulation study, striving to imitate a broad range of real-life educational data, we
cannot cover every possible data case. Since the interpretation of Monte Carlo simulation results
is somehow limited to the study regime, further simulation studies might expand the general-
ization of our results. Besides, there are also other approaches in the statistical literature that
target covariate balance and could be compared to our proposed methods in further research, for
instance, entropy balancing proposed by Hainmueller (2012). Due to high computational cost,
we did not compare our results to the balancing Superlearner approach (Pirracchio and Carone,
2018). However, we implemented and evaluated the Superlearner as described in Naimi and
Balzer (2018) without incorporating balance measures in the optimization step. In Pirracchio
and Carone (2018) the performance difference of the two Superlearner approaches was not sig-
nificant. Further, in order to have a fair comparison, we included our twelve base learners in
the Superlearner computation, rather than the models used in Pirracchio et al. (2014). We did
not compare our ensembles to CBPS, the covariate balancing propensity score, introduced by
Imai and Ratkovic (2014). However, Pirracchio and Carone (2018) already showed that both
Superlearner models outperformed CBPS in their simulation study.

Note that, due to the modularity of our stacking approach, there are several opportunities
for configurations that might further improve our proposed method. If further minimization
regarding a certain (balance) measure is desired, one can easily increase the number of cross-
folds and expand the grid for the tuning parameter selection for each base and meta learner.
Further, additional outer and inner cross-validation loops in Algorithm 1 can be performed,
especially on smaller data sets. Due to computational expense, we did not perform principal
component analysis to reduce correlations in the level-1-data, a step that could lead to further
improvements of the stacked ensembles.

To modify the level-1-data, various approaches based on different diversity and performance
measures have been proposed for base learner selection (Sesmero et al., 2015; Alpaydin, 2014).
We obtained some promising preliminary results by performing a pruning approach (Alpaydin,
2014, chap. 17) in part of our simulations while removing highly correlated predictors with
weak performance, in terms of high log-loss (Appendix, Formula 10), from our initial set of
twelve base learners. An exhaustive, iterative pruning approach on the base learner set will be
considered in further research. This includes finding a reliable measure that indicates the best
combination of base and meta learner.
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We investigated the relationship between the propensity score estimation accuracy and ATE
estimation performance of our examined models. We computed the mean squared error of the
estimated propensity scores with the simulated propensity scores, as well as the Kolmogorov-
Smirnov test statistics between the estimated and simulated propensity score distributions (Ap-
pendix, Tables A.127-134). However, there was no clear relation between performance w.r.t.
mean squared error and Kolmogorov-Smirnoff statistics of the estimated propensity scores and
the performance of the models in the ATE estimation. We suppose that finding properties in the
relation of the simulated “true” propensity scores and the estimated propensity scores that allow
conclusions about the performance of the estimated propensity scores in the ATE estimation is
of high interest for further research. We assume that, for instance, propensity score regions close
to 0 and 1 might be more important to assess, since poor prediction in these regions might lead
to weights that strongly affect the ATE estimate.

Log-loss might be a useful metric for propensity score estimation since it has been shown to
be advantageous in obtaining well-calibrated class probability estimates (Zadrozny and Elkan,
2001), and further highly penalizes erroneous confident propensity score predictions. Others
indicate that a good propensity score model fit does not necessarily lead to good performance
in ATE bias reduction (Westreich et al., 2011; Parast et al., 2017; Griffin et al., 2017). We sup-
pose that more research has to be done to indicate properties that define a set of well-estimated
propensity scores, with the ultimate goal to obtain accurate, especially unbiased ATE estimation.

Note that the modularity of our model also holds for the choice of the meta learner. In
addition to logistic regression and GBM, we investigated the performance of AVNNET used as
ameta learner on a subset of our simulations. The obtained AVNNET-stack results also indicated
favorable bias reduction in the ATE estimation, suggesting that stacking, in general, is beneficial
in propensity score IPTW ATE studies. However, AVNNET is computationally expensive, and
our preliminary AVNNET-Stack results were not competitive to LR-Sack and GBM-Stack, we
thus did not consider it further in our simulations. In principle, any probabilistic classification
method could be examined as meta learner in further work.

We also investigated a slightly modified version of Algorithm 1, namely stacking+, as dis-
cussed by Torres-Sospedra et al. (2006; Sesmero et al. (2015). In stacking+ the level-O-data
(the actual covariate data) is added to the level-1-data and the meta learner is trained on the
combined set of level-1-data and level-0-data. Comparing the ATE estimation of stacking with
stacking+, GBM-Stack and GBM-Stack+ led to very similar results and LR-Stack outperformed
LR-Stack+ with respect to both bias and variability. Adding the higher computational expense
of stacking+, we recommend the stacking approach as described in Algorithm 1.

Given the estimated propensity scores, there are additional ATE estimation methods pro-
posed in the literature. Austin (2011) adopt a slightly different population average treatment
estimation using IPTW (as shown in Formula 11, Appendix). Notably, GBM-Stack still led to
the lowest biased ATE estimates across the models in our simulations using the adjusted for-
mula. However, the magnitude of bias and the mean squared error of the ATE estimation was
higher throughout all considered models, compared to applying Formula 4. We thus recommend
the usage of Formula 4 to estimate the ATE (Lunceford and Davidian, 2004).

We also investigated the effect of weight truncation, as discussed by Lee et al. (2011) and
Austin and Stuart (2015), by setting weights higher than 10 or 20 to the respective threshold.
Note that the bias of our stacked models increased marginally with lower weight thresholds,
whereas the variability of the point estimates decreased slightly. Finding an optimal truncation
threshold is not straightforward, as already mentioned by Lee et al. (2011). Thus, we did not
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further consider weight truncation in our analysis. Ju et al. (2019) propose the use of adaptive
propensity score truncation and Li et al. (2018) suggest the use of overlap weights, which might
further improve the performance of our models.

As an alternative to IPTW, covariate adjustment using the propensity score has been applied
(Austin, 2010) to estimate the ATE, by adding the estimated propensity scores as a variable in the
outcome regression model, regressing the outcome variable on the binary treatment status. Pre-
liminary results in our simulation study suggest that GBM-Stack, LR-Stack, and Superlearner
outperform the other examined propensity score estimators, leading to bias reduction compara-
ble to IPTW and lower variability in the ATE estimation. However, a major drawback of this
approach is that the design and analysis of the study are not separated (Austin, 2011). One has to
determine the correct relation between the treatment and the outcome (e.g., linear or non-linear),
which we assumed to know in our examinations. Further comparisons, considering misspecifi-
cation of the outcome model might be necessary for a full assessment of the method. For the
interested reader, we refer to Autenrieth (2018) for more details of our preliminary investigations
discussed in this section.

In addition to estimating the ATE, improving estimation of average treatment effect in the
treated group (ATT) on observational, educational data by means of our stacked ensembles, is
of great interest to us. We consider a comprehensive analysis of stacked ensemble propensity
score matching methods (Caliendo and Kopeinig, 2008; Dehejia and Wahba, 2002) to estimate
the ATT, and IPTW using ATT weights, in ongoing work. Eventually, we suppose that our
proposed stacked generalization propensity score estimation method could also be successfully
applied to obtain unbiased treatment effects in observational studies beyond educational data,
such as (precision) medicine, psychology, and econometrics among others.

REFERENCES

Arcorrt, B. 2017. Does teacher encouragement influence students’ educational progress? A propensity-
score matching analysis. Research in Higher Education 58, 7, 7713-804.

Avl, M. S., GrRoeNwoLD, R. H., PEstMAN, W. R., BELITSER, S. V., RoEs, K. C., Hoes, A. W., DE BOER, A., AND
Krunger, O. H. 2014. Propensity score balance measures in pharmacoepidemiology: A simulation
study. Pharmacoepidemiology and Drug Safety 23, 8, 802—-811.

AvrpayDiN, E. 2014. Introduction to Machine Learning. MIT Press, Cambridge, MA.

Austin, P. C. 2010. The performance of different propensity-score methods for estimating differences
in proportions (risk differences or absolute risk reductions) in observational studies. Statistics in
Medicine 29, 20, 2137-2148.

Austin, P. C. 2011. An introduction to propensity score methods for reducing the effects of confounding
in observational studies. Multivariate Behavioral Research 46, 3, 399-424.

Austin, P. C. anp Stuart, E. A. 2015. Moving towards best practice when using inverse probability
of treatment weighting (IPTW) using the propensity score to estimate causal treatment effects in
observational studies. Statistics in Medicine 34, 28, 3661-3679.

AUTENRIETH, M. 2018. Ensemble learning for propensity score methods on in observational studies. [Mas-
ter’s thesis, San Diego State University], ProQuest Dissertations and Theses.

Bakker, T. C., KraBBenDAM, L., BHuLAL S., AND BEGEER, S. 2020. First-year progression and retention
of autistic students in higher education: A propensity score-weighted population study. Autism in
Adulthood 2, 4, 307-316.

55 Journal of Educational Data Mining, Volume 13, No 1, 2021



BEEMER, J., Spoon, K., HE, L., Fan, J., anp LEVINE, R. A. 2018. Ensemble learning for estimating individ-
ualized treatment effects in student success studies. International Journal of Artificial Intelligence in
Education 28, 3, 315-335.

Branp, J. E. anp Xig, Y. 2010. Who benefits most from college? Evidence for negative selection in
heterogeneous economic returns to higher education. American Sociological Review 75, 2, 273-302.

BrEmMAN, L. 1996. Stacked regressions. Machine Learning 24, 1, 49-64.

Busa, A., Stuetzie, W., anp SHEN, Y. 2005. Loss functions for binary class probability estimation and
classification: Structure and applications. Tech. rep., University of Pennsylvania.

CaLIENDO, M. AND KoPEINIG, S. 2008. Some practical guidance for the implementation of propensity score
matching. Journal of Economic Surveys 22, 1, 31-72.

CARuANA, E., CHEVRET, S., REScHE-RIGON, M., AND PirrAccHIO, R. 2015. A new weighted balance mea-
sure helped to select the variables to be included in a propensity score model. Journal of Clinical
Epidemiology 68, 12, 1415-1422.

CrLark, M. anp Cunprrr, N. L. 2011. Assessing the effectiveness of a college freshman seminar using
propensity score adjustments. Research in Higher Education 52, 6, 616—639.

Corg, S. R. anD HerNAN, M. A. 2008. Constructing inverse probability weights for marginal structural
models. American Journal of Epidemiology 168, 6, 656—664.

DEnesia, R. H. anp WanBa, S. 2002. Propensity score-matching methods for nonexperimental causal
studies. Review of Economics and Statistics 84, 1, 151-161.

Doumpros, M. anp Zopouniois, C. 2007. Model combination for credit risk assessment: A stacked gener-
alization approach. Annals of Operations Research 151, 1, 289-306.

Drakg, C. 1993. Effects of misspecification of the propensity score on estimators of treatment effect.
Biometrics 49, 4, 1231-1236.

Femp, J. L., LEwkow, N., ZIMMERMAN, N. L., RIEDESEL, M., AND Essa, A. 2016. A scalable learning ana-
lytics platform for automated writing feedback. In Proceedings of the 9th International Conference
on Educational Data Mining, T. Barnes, M. Chi, and M. Feng, Eds. International Educational Data
Mining Society, 688—693.

FrANKLIN, J. M., RasSEN, J. A., ACKERMANN, D., BArTELS, D. B., AND ScHNEEWEISS, S. 2014. Metrics for
covariate balance in cohort studies of causal effects. Statistics in Medicine 33, 10, 1685—-1699.

Friebman, J. H. 2001. Greedy function approximation: A gradient boosting machine. The Annals of
Statistics 29, 5, 1189-1232.

GoLNELLL, D., RipDGEWAY, G., RHOADES, H., TUCKER, J., AND WENZEL, S. 2012. Bias and variance trade-offs
when combining propensity score weighting and regression: With an application to HIV status and
homeless men. Health Services and Outcomes Research Methodology 12, 2-3, 104-118.

GrrirrFiN, B. A., McCarrrey, D. F.,, AimiraLL, D., BurGertE, L. F., anp Seropsi, C. M. 2017. Chasing
balance and other recommendations for improving nonparametric propensity score models. Journal
of Causal Inference 5, 2, 1-18.

GuUARCELLO, M. A., LEVINE, R. A., BEEMER, J., FrAZEE, J. P., LaumaKkis, M. A., AND SCHELLENBERG, S. A.
2017. Balancing student success: Assessing supplemental instruction through coarsened exact match-
ing. Technology, Knowledge and Learning 22, 3, 335-352.

HAINMUELLER, J. 2012. Entropy balancing for causal effects: A multivariate reweighting method to pro-
duce balanced samples in observational studies. Political Analysis 20, 1, 25-46.

56 Journal of Educational Data Mining, Volume 13, No 1, 2021



HARrDER, V. S., STuarT, E. A., AND ANTHONY, J. C. 2010. Propensity score techniques and the assessment
of measured covariate balance to test causal associations in psychological research. Psychological
Methods 15, 3, 234-249.

Hirano, K., ImBENS, G. W., aND RiDDER, G. 2003. Efficient estimation of average treatment effects using
the estimated propensity score. Econometrica 71, 4, 1161-1189.

Imar, K. anp Ratkovic, M. 2014. Covariate balancing propensity score. Journal of the Royal Statistical
Society: Series B (Statistical Methodology) 76, 1, 243-263.

Imal, K. anp Van Dyk, D. A. 2004. Causal inference with general treatment regimes: Generalizing the
propensity score. Journal of the American Statistical Association 99, 467, 854—-866.

ImBENS, G. W. 2004. Nonparametric estimation of average treatment effects under exogeneity: A review.
Review of Economics and Statistics 86, 1, 4-29.

Jiang, F. AND McComas, W. F. 2015. The effects of inquiry teaching on student science achievement and
attitudes: Evidence from propensity score analysis of PISA data. International Journal of Science
Education 37, 3, 554-576.

Jorre, M. M., TeN Havg, T. R., FELbmAN, H. 1., anp KiMMEL, S. E. 2004. Model selection, confounder con-
trol, and marginal structural models: Review and new applications. The American Statistician 58, 4,
272-279.

Ju, C., ScuwaB, J., AND VAN DER Laan, M. J. 2019. On adaptive propensity score truncation in causal
inference. Statistical Methods in Medical Research 28, 6, 1741-1760.

Kawm, C. D. anp PaLMmER, C. L. 2008. Reconsidering the effects of education on political participation. The
Journal of Politics 70, 3, 612-631.

KauerMANN, G. anD CARROLL, R. J. 2001. A note on the efficiency of sandwich covariance matrix estima-
tion. Journal of the American Statistical Association 96, 456, 1387-1396.

Km, R. H. anp Crark, D. 2013. The effect of prison-based college education programs on recidivism:
Propensity score matching approach. Journal of Criminal Justice 41, 3, 196-204.

Kunn, M. 2008. Building predictive models in R using the caret package. Journal of Statistical Software,
Articles 28, 5, 1-26.

LeBLanc, M. anp TBsHIRANI, R. 1996. Combining estimates in regression and classification. Journal of
the American Statistical Association 91, 436, 1641-1650.

LEeg, B. K., LESSLER, J., AND STuaRT, E. A. 2010. Improving propensity score weighting using machine
learning. Statistics in Medicine 29, 3, 337-346.

Leg, B. K., LESSLER, J., AND STuarT, E. A. 2011. Weight trimming and propensity score weighting. Plos
One 6, 3, e18174.

L1, F,, Moraan, K. L., AND ZasLavsky, A. M. 2018. Balancing covariates via propensity score weighting.
Journal of the American Statistical Association 113, 521, 390-400.

Lumiey, T. 2004. Analysis of complex survey samples. Journal of Statistical Software 9, 1, 1-19.

Luncerorp, J. K. anp Davipian, M. 2004. Stratification and weighting via the propensity score in estima-
tion of causal treatment effects: A comparative study. Statistics in Medicine 23, 19, 2937-2960.

McCarrrey, D. F., Ripgeway, G., aND MorraAL, A. R. 2004. Propensity score estimation with boosted
regression for evaluating causal effects in observational studies. Psychological Methods 9, 4, 403—
425.

MicrosorT CorRPORATION AND WESTON, S. 2017. doParallel: Foreach Parallel Adaptor for the ‘parallel’
Package. R package version 1.0.11.

57 Journal of Educational Data Mining, Volume 13, No 1, 2021



Moraan, P. L., Frisco, M. L., Farkas, G., anp HiBeL, J. 2010. A propensity score matching analysis of
the effects of special education services. The Journal of Special Education 43, 4, 236-254.

Namvi, A. I. anp BaLzer, L. B. 2018. Stacked generalization: An introduction to super learning. European
Journal of Epidemiology 33, 5, 459—464.

Parast, L., McCAFrREY, D. F., BURGETTE, L. F., bDE LA GuarDpIA, F. H., GoLINELLI, D., MILES, J. N. V., AND
GrrrrIN, B. A. 2017. Optimizing variance-bias trade-off in the TWANG package for estimation of
propensity scores. Health Services and Outcomes Research Methodology 17, 3, 175-197.

Parpos, Z. A., Gowpa, S. M., Baker, R. S., anp HerrerNaN, N. T. 2012. The sum is greater than the
parts: Ensembling models of student knowledge in educational software. ACM SIGKDD Explorations
Newsletter 13, 2, 37—-44.

PeLaEz, K., LEVINE, R., FaN, J., GuarRceLLO, M., aNnD Laumakis, M. 2019. Using a latent class forest to
identify at-risk students in higher education. Journal of Educational Data Mining 11, 1, 18-46.

PirrAccHIO, R. AND CaRrRONE, M. 2018. The Balance Super Learner: A robust adaptation of the Super
Learner to improve estimation of the average treatment effect in the treated based on propensity score
matching. Statistical Methods in Medical Research 27, 8, 2504-2518.

PrrAccHIO, R., CARONE, M., RiGoN, M. R., CARUANA, E., MEBAZAA, A., AND CHEVRET, S. 2016. Propensity
score estimators for the average treatment effect and the average treatment effect on the treated may
yield very different estimates. Statistical Methods in Medical Research 25, 5, 1938—-1954.

PirrAccHIO, R., PETERSEN, M. L., AND VAN DER LaaN, M. 2014. Improving propensity score estimators’
robustness to model misspecification using Super Learner. American Journal of Epidemiology 181, 2,
108-119.

PoLik AR, R. 2006. Ensemble based systems in decision making. IEEE Circuits and Systems Magazine 6, 3,
21-45.

PoLikar, R. 2007. Bootstrap - inspired techniques in computation intelligence. IEEE Signal Processing
Magazine 24, 4, 59-72.

R Core Team. 2018. R: A Language and Environment for Statistical Computing. R Foundation for Statis-
tical Computing, Vienna, Austria.

RmbGeEway, G., McCAFFREY, D. F., MorrAL, A. R., BURGETTE, L. F., AND GriFrIN, B. A. 2014. Toolkit for
weighting and analysis of nonequivalent groups. Tech. rep., RAND Corporation.

Rosewski, J. W, LEE, 1. H., anp GrREGG, N. 2015. Causal effects of inclusion on postsecondary education
outcomes of individuals with high-incidence disabilities. Journal of Disability Policy Studies 25, 4,
210-219.

RosenBauMm, P. R. 1987. Model-based direct adjustment. Journal of the American Statistical Associa-
tion 82, 398, 387-394.

RosenBaum, P. R. anp RuBin, D. B. 1983. The central role of the propensity score in observational studies
for causal effects. Biometrika 70, 1, 41-55.

RosenBaum, P. R. anp Rusiy, D. B. 1984. Reducing bias in observational studies using subclassification
on the propensity score. Journal of the American Statistical Association 79, 387, 516-524.

Rusiy, D. B. 2001. Using propensity scores to help design observational studies: Application to the
tobacco litigation. Health Services and Outcomes Research Methodology 2, 3, 169-188.

Rusin, D. B. 2004. On principles for modeling propensity scores in medical research. Pharmacoepidemi-
ology and Drug Safety 13, 12, 855-857.

SEsMERO, M. P., LEDEZMA, A. L., AND SancHis, A. 2015. Generating ensembles of heterogeneous classifiers
using stacked generalization. WIREs Data Mining and Knowledge Discovery 5, 1, 21-34.

58 Journal of Educational Data Mining, Volume 13, No 1, 2021



SETOGUCHL, S., SCHNEEWEISS, S., BROOKHART, M. A., GLYNN, R. J., anD Cook, E. F. 2008. Evaluating uses of
data mining techniques in propensity score estimation: A simulation study. Pharmacoepidemiology
and Drug Safety 17, 6, 546-555.

SHAPIRO, J. AND TREVINO, J. M. 2004. Compensatory education for disadvantaged mexican students: An
impact evaluation using propensity score matching. Policy Research Working Paper WPS3334, World
Bank.

SToNE, C. A. anDp Tang, Y. 2013. Comparing propensity score methods in balancing covariates and recov-
ering impact in small sample educational program evaluations. Practical Assessment, Research, and
Evaluation 18, 13, 1-12.

Stuart, E. A., LEg, B. K., anND LEAcy, F. P. 2013. Prognostic score—based balance measures can be a useful
diagnostic for propensity score methods in comparative effectiveness research. Journal of Clinical
Epidemiology 66, 8, S84-S90.

SuLLivan, A. L. anp Fierp, S. 2013. Do preschool special education services make a difference in kinder-
garten reading and mathematics skills?: A propensity score weighting analysis. Journal of School
Psychology 51, 2, 243-260.

Ting, K. M. anp WiTTEN, 1. H. 1999. Issues in stacked generalization. Journal of Artificial Intelligence
Research 10, 1 (May), 271-289.

Trrus, M. A. 2007. Detecting selection bias, using propensity score matching, and estimating treatment
effects: An application to the private returns to a master’s degree. Research in Higher Education 48, 4,
487-521.

TORRES-SOSPEDRA, J., HERNANDEZ-EsPINOsA, C., AND FERNANDEZ-REDONDO, M. 2006. Combining MF net-
works: A comparison among statistical methods and stacked generalization. In Artificial Neural Net-
works in Pattern Recognition, F. Schwenker and S. Marinai, Eds. Springer Berlin Heidelberg, Berlin,
Heidelberg, 210-220.

UMKC 2018. Supplemental intruction. https://info.umkc.edu/si/, accessed July 2018.

WEesTrREICH, D., CoLe, S. R., Funk, M. J., BRookHART, M. A., AND STURMER, T. 2011. The role of
the c-statistic in variable selection for propensity score models. Pharmacoepidemiology and Drug
Safety 20, 3, 317-320.

WESTREICH, D., LESSLER, J., aAND Funk, M. J. 2010. Propensity score estimation: Neural networks, support

vector machines, decision trees (CART), and meta-classifiers as alternatives to logistic regression.
Journal of Clinical Epidemiology 63, 8, 826 — 833.

WiLLiamson, E., MorLEy, R., Lucas, A., AND CARPENTER, J. 2012. Propensity scores: From naive enthusi-
asm to intuitive understanding. Statistical Methods in Medical Research 21, 3, 273-293.

WorrerT, D. H. 1992. Stacked generalization. Neural Networks 5, 2, 241 — 259.

ZADpROZNY, B. anD Erkan, C. 2001. Obtaining calibrated probability estimates from decision trees and
naive Bayesian classifiers. In Proceedings of the Eighteenth International Conference on Machine
Learning, C. E. Brodley and A. P. Danyluk, Eds. Morgan Kaufmann, 609-616.

59 Journal of Educational Data Mining, Volume 13, No 1, 2021



8. APPENDIX A - SIMULATION STupY

Scenario A (a model with additivity and linearity)
P[Z = 11X;] = (1 + exp{—(Bo + B1X1 + o Xz + B3X3 + BaXs + Bs X5 + B X + 1 XD (9)
Scenario B (a model with mild non-linearity)
PIZ = 1|1X;] = (1 + exp{=(Bo + B1 X1 + B Xo + B3X5 + BuXy + B5X5 + BeXo + B7X7
+Bs X))
Scenario C (a model with moderate non-linearity)
P[Z = 11X/] = (1 + exp{—(Bo + B1 X1 + BoX> + B3 X3 + BuXu + BsXs + BeXe + B7X7
+BsX; + BoX3 + BroX)))!
Scenario D (a model with mild non-additivity)
PIZ = 1|X;] = (1 + exp{=(Bo + B1 X1 + B2Xa + B3 X5 + Ba Xy + 5 X5 + B X6 + B7X7
+ Bs X1 X3 + BoXo Xy + BroXaXs + B11Xs X)) ™!
Scenario E (a model with mild non-additivity and non-linearity)
PIZ = 11X;] = (1 + exp{—=(Bo + B1X1 + B2 X2 + B3 X5 + BaXs + B5X5 + B X6 + B7X7
+BsX;
+ BoX1 X3 + B10Xo Xy + B11XsXs + B12 X5 Xe)}) ™!
Scenario F (a model with moderate non-additivity)
PIZ = 11X;] = (1 + exp{—(Bo + B1 X1 + B2 Xs + B3X5 + BaXy + B5Xs + BeXs + B1X7
+ BsX1X3 + BoXo Xa + B10X3X5 + B11XaXe + L12X5X7
+ B13X1 X6 + P1aXoXs + P15 XaXs + Pr6XsXe)) ™!
Scenario G (a model with moderate non-additivity and non-linearity)
PIZ = 11X;] = (1 + exp{=(Bo + B1 X1 + B2 Xo + B3 X5 + BaXy + 5 X5 + B X6 + B7X7
+ Bs X5 + BoX; + BroXs
+ B X1 Xz + B1aXoXy + B13X3Xs + B14aXuXs + B15X5X7
+B16X1 X6 + B17Xo X5 + B1sXaXa + B1oXaXs + BaoXs X))
Scenario H (a model with severe non-additivity and non-linearity)
PIZ = 11X;] = (1 + exp{=(Bo + B1 X1 + 2 Xa + B3 X5 + BaXy + B5 X5 + BeXs + B7X7
+ Bs X3 + o VIXal + B1oX3
+BuXiX; + BaXoXy + B13X3X7
+ B1aXaXe + B15Xa X7 + B16X2 X4
+ B11Xo X3 X7 + P1sXaXa X7 + BroXaXsXs + BrXsXe X)) !
Outcome model: Scenario A-H
PlY = 11Z,X;] = (1 + exp{—(ap + o1 X1 + @2 X5 + a3X3 + @4 X4 + a5 Xg
+ asXo + 7 X10 + Y10Z)) ™
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Table 5: Linear combinations and introduced correlations between simulation covariates.

Variables Confounders Instrumental Outcome
Variable Predictors

X X5 X35 X4 | X5 X X7 | Xz Xo Xpo

Xi= Vi+ \/% * Vs 1

X= WV + 1’(12T9292) * Vg 0 1

X3= V3+ (lgk)z‘zﬂ) * Vg 0 0 1

Xe= Vit \Jg%es*Ve| 0 0 0 1

Xs= Vs 02 O 0 0 1

Xe= Vs 0O 09 O 0 0 1

X 0 0 0 0 0O O 1

Xg= Vg 0 0 02 0 0O 0 O 1

Xo= Vo 0 0 0O 090 0 OO 1

X0 0 0 0 0 O 0 01O 1

Table 6: Parameters for Outcome Model.
’ Model H @ ‘ (03] ‘ (0%) ‘ (0%} ‘ (07} ‘ (07 ‘ (073 ‘ (0% ‘ YLo ‘
|A-H [ -19] 03 [-036]-073] -02 [ 0.71 [-0.19 | 0.26 | -0.8 |
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Figure 4: Histogram of the collective simulated
propensity scores over all scenarios and all data sets.
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9. APPENDIX A - ADDITIONAL FORMULAS

Log-loss: The log-loss or cross-entropy loss defined by

1 n
— > bulog pi+ (1 =y log(1 = po). (10)

i=1

has shown high accordance with prediction errors in class probability estimates (Zadrozny and
Elkan, 2001; Buja et al., 2005). In Formula (10), n is the sample size, y; is the true class label
and p; the predicted class probability, the propensity score, for observation i € {1,...n}.

Alternative average treatment effect estimator: according to Austin (2011)

n

v ZY: 1 (1 -2)Y;
ATE, = - -y 11
2 n; ei(X) n; 1 - e;(X) (ah

Average treatment effect in the actual treated group (ATT): The weights to estimate the ATT
are defined by

e(X)(1 - Z)

1—eX) (12)

WATT = Z +

10. APPENDIX A — ASAM BALANCE LITERATURE

In this section, we introduce a brief review about recommendations and usage of standardized
mean differences, particularly the ASAM, as a balance measure in the literature, in which we
contextualize our results in Section 4

Franklin et al. (2014), Stuart et al. (2013) and Ali et al. (2014) indicate a positive relationship
between the decrease of ASAM and the reduction of bias in the treatment effect estimate in their
simulation studies. Ridgeway et al. (2014) and Pirracchio and Carone (2018) use ASAM as a
loss function for their propensity score estimation model fit, selecting model hyperparameters
to optimize ASAM. However, in the literature, there is no accordance regarding a critical mag-
nitude of absolute standardized mean difference between covariates. Austin and Stuart (2015)
suggest a threshold of 0.1, Lee et al. (2010) of 0.2 and Harder et al. (2010) consider values greater
than 0.25 as concerning. Besides, Lee et al. (2010) and Pirracchio et al. (2014) point out that
lower ASAM does not always lead to lower bias, specifically considering logistic regression-
based estimates. Golinelli et al. (2012) found that optimization of balance, in general, could
increase the variance of the point estimate at some level. Further concerns have been raised
regarding the use of the ASAM in the presence of instrumental variables, e.g., (Pirracchio and
Carone, 2018; Caruana et al., 2015). By just comparing the ASAM, one does not distinguish
between the decrease of imbalance in predictive important confounders and not outcome asso-
ciated instrumental variables. This could lead to further variation in the point estimate. Nev-
ertheless, in recent simulation studies assessing the performance of different propensity score
estimation methods, the averaged standardized absolute mean differences (ASAM) are evalu-
ated to check the balancing ability of the introduced methods (Lee et al., 2010; Pirracchio et al.,
2014; Pirracchio et al., 2016).
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11. APPENDIX A — ApDITIONAL ASAM BALANCE RESULTS

11.1. AprPENDIX A — ASAM OF CONFOUNDING COVARIATES

In addition to ASAM (which represents the averaged standardized absolute mean differences
of all covariates), we also computed the average of the standardized absolute mean differences
including the four confounding covariates only, hereafter called ASAM,,,s. For applied re-
searchers, the ASAM,,,, is usually not directly accessible since normally one cannot distinguish
between confounders, instrumental, or just outcome-related covariates. Nevertheless, the bal-
ance assessment of the ASAM,,, s values is of particular interest, since the confounding covari-
ates are both highly unbalanced due to their association to the treatment and highly influential in
the treatment effect estimate due to their strong relation to the outcome. Superlearner and GBM-
Stack led to the lowest ASAM,,,,; values with an average of 0.101 and 0.102 across the setups,
again similar to the ASAM,,,,; of the simulated “true” propensity score (0.103). Note that these
magnitudes are only marginally higher than the respective ASAM (including all covariates),
thus indicating well-balanced confounders. Twang-GBM had a bit higher ASAM,,, s (0.108)
compared to the ASAM (0.100). Twang-GBM is trained to balance covariates. However, by
including non-confounders in the model, which is realistic in an educational set-up, the ASAM
is minimized in the possible cost of more imbalance in the set of the important confounders
(ASAM,,,.r), which could explain the observed performance. The ASAM and ASAM,,,,; for all
individual scenarios are listed in the Appendix (Table A.36, 70, 104 and Table A.37, 71, 105).

11.2.  ApPENDIX A — CRITICAL MAGNITUDE OF STANDARDIZED ABSOLUTE MEAN DIFFERENCES

We did not find any indication of a critical magnitude of standardized absolute mean differences
in our simulations. Firstly, our simulations suggest that the ASAM is generally lower for larger
data setups, which was also stated by Lee et al. (2010). Thus, we suppose that, if existent,
a critical value of standardized absolute mean differences cannot be fixed, but should depend
on the data size. For either of our data size setups, a critical value of 0.1 was obviously too
small to detect meaningful confounding. For instance, our stacked models showed low biased
estimates with an averaged ASAM of around 0.1. Besides, on average over the m = 1000
simulations, there were between 1.3 (GBM-Stack) and 2.0 (NNET) covariates with standardized
absolute mean differences greater than 0.2 in each scenario (Appendix, Table A.122). Further, no
Spearman correlations were given between the number of covariates with standardized absolute
mean differences greater than 0.2 and the absolute ATE estimation error. Thus, our simulations
did not affirm any threshold suggested in the literature (as discussed in Section 10, Appendix)
that would generally imply concerning confounding and bias in the point estimate.
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12.

Mean relative bias in %

APPENDIX A — SIMULATION STUDY FIGURES

Bias of ATE estimation (n=3000 simulation)

t GBM-Stack _

o LR-Stack ]
_lem=» Superlearner
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Figure 5: Comparison of relative bias (in %) resulting from the different ATE estimator for
data size n=3000. The illustrated bias results present the average bias over the eight scenar-
ios (A-H) for each treatment effect y; o € {—1.2,-1.0, -0.8, -0.6, —0.4, +0.4}, respectively.
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Bias of ATE estimation (n=1000 simulation)
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Figure 6: Comparison of relative bias (in %) resulting from the different ATE estimator for
data size n=1000. The illustrated bias results present the average bias over the eight scenar-
ios (A-H) for each treatment effect y; o € {—1.2,-1.0, 0.8, -0.6, —0.4, +0.4}, respectively.
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12.1. APPENDIX A — PERFORMANCE MEASURE RESULTS BASED ON N = 3000 SeTup

Note that there was no visible pattern in the direction of the bias. For all learners, there were
setups in which they underestimate and setups in which they overestimate the average treatment
effects. For a better comparison, we thus only present the absolute values of the relative bias.

Table 8: (Relative Bias; n=3000; ATE= -0.103 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.103 (corresponding to -1.2 in log-odds scale), based on the n=3000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 1.80 138 0.16 066 283 0.63 033 1.73 1.19
BAG-CART | 11.94 17.30 2.02 1572 2246 1283 1.32 12.96 12.07
BOOSTLR 947 1.17 0.19 483 154 941 7.65 443 4.84
GBM 090 158 245 225 332 199 063 1.11 1.78
GBM-Stack 0.10 035 143 0.11 138 146 045 0.83 0.76
KNN 8.20 1094 326 11.60 946 1032 745 3.33 8.07
LR 0.15 172 088 090 0.65 059 2.16 0.83 0.99
LR-Stack 071 127 047 0.11 1.79 1.12 0.04 1.00 0.81
NB 15.04 9.08 3.37 21.12 13.01 1626 145 590 10.65
NNET 072 026 041 097 059 1.10 1.68 0.31 0.75
RF 1.33  1.07 1.87 129 036 1.12 0.11 0.61 0.97
RLR 044 200 066 045 1.08 1.05 199 043 1.01
SC 797 9.19 456 1042 10.69 9.66 4.61 8.38 8.19
Superlearner 1.40 204 210 279 396 336 065 3.13 2.43
SVM 276 031 037 044 009 258 1.67 1.09 1.16
Twang-GBM | 4.02 5.06 236 588 6.73 537 144 5.8 4.51
Simulated PS | 0.34 0.09 057 047 0.12 053 009 1.63 0.48
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Table 9: (Relative Bias; n=3000; ATE= -0.091 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.091 (corresponding to -1.0 in log-odds scale), based on the n=3000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 209 146 028 051 304 045 049 1.68 1.25
BAG-CART | 15.63 20.11 342 19.68 2648 16.07 2.64 16.77 15.10
BOOSTLR 1039 1.68 022 628 146 1097 847 582 5.66
GBM 098 174 3.10 253 361 247 0.69 098 2.01
GBM-Stack 002 027 183 0.15 136 1.77 0.63 0.71 0.84
KNN 10.64 1335 492 1484 12.18 1348 9.33 4.50 10.40
LR 007 143 139 209 035 047 275 1.83 1.30
LR-Stack 088 130 068 022 182 142 0.08 0091 0.91
NB 18.15 11.10 4.14 27.13 16.59 19.76 1.85 8.67 13.42
NNET 073 009 028 140 053 1.55 190 093 0.93
RF 2.17 167 210 234 038 144 033 1.19 1.45
RLR 042 178 1.11 149 0.19 1.05 252 1.32 1.24
SC 947 10.58 542 1251 1247 11.56 5.62 9.76 9.68
Superlearner 1.58 219 264 310 427 397 0.69 329 2.72
SVM 342 020 026 028 0.17 321 213 1.07 1.34
Twang-GBM | 470 581 298 694 772 643 1770 592 5.28
Simulated PS | 0.33 0.07 0.31 055 0.02 072 008 1.51 0.45
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Table 10: (Relative Bias; n=3000; ATE= -0.078 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.078 (corresponding to -0.8 in log-odds scale), based on the n=3000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 230 1775 057 056 292 020 039 210 1.35
BAG-CART | 21.15 2398 3.12 2459 3335 22.10 2.88 19.02 18.78
BOOSTLR 1275 242 002 865 1.10 14.07 1082 7.13 7.12
GBM 097 207 3.87 280 372 292 090 1.50 2.34
GBM-Stack 031 030 221 009 099 204 076 0.99 0.96
KNN 14.15 16.38 6.67 19.83 1736 1724 1121 5.96 13.60
LR 024 105 177 392 216 001 373 3.19 2.01
LR-Stack 1.37 152 086 042 154 1.67 0.01 1.29 1.09
NB 2334 1398 523 3648 2226 2552 2.01 11.95 17.59
NNET 058 006 002 143 001 243 218 143 1.02
RF 3.65 228 274 381 1.82 323 033 123 2.38
RLR 022 152 141 3.11 141 0777 341 249 1.79
SC 11.67 1287 697 1538 14.87 1422 7.17 1196 11.89
Superlearner 1.67 254 332 351 441 460 093 4.02 3.13
SVM 432 021 023 017 084 406 243 1.55 1.73
Twang-GBM | 561 7.02 373 833 893 7.74 213 745 6.37
Simulated PS | 0.07 0.06 027 054 056 096 034 220 0.62
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Table 11: (Relative Bias; n=3000; ATE= -0.062 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.062 (corresponding to -0.6 in log-odds scale), based on the n=3000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 3.31 192 110 045 378 095 0.62 291 1.88
BAG-CART | 29.13 30.63 324 32.66 4291 32.03 6.12 26.73 25.43
BOOSTLR 1561 373 0.74 12.12 0.06 2049 1506 9.73 9.69
GBM 1.70 236 551 357 468 312 1.01 2.50 3.06
GBM-Stack 006 007 325 027 132 1.84 120 1.89 1.24
KNN 20.31 2277 9.78 26.00 24.63 2491 1525 8.88 19.07
LR 030 022 250 686 472 150 583 479 3.34
LR-Stack 1.51 1.35 139 094 200 148 0.19 228 1.39
NB 32.15 19.79 7.14 51.61 3203 3589 285 18.17 24.95
NNET 087 037 0.13 238 0.16 443 293 1.64 1.62
RF 506 370 362 6.10 3.10 591 029 2.10 3.74
RLR 035 045 201 567 365 040 537 3.80 2.71
SC 16.23 1642 9.61 2042 1947 1836 9.23 16.50 15.78
Superlearner 254 275 466 424 551 531 095 556 3.94
SVM 685 025 0.17 007 100 4.88 340 2.79 2.43
Twang-GBM 8.10 897 527 1076 11.72 940 2.53 10.38 8.39
Simulated PS | 024 020 0.16 097 035 186 069 3.31 0.97
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Table 12: (Relative Bias; n=3000; ATE= -0.044 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.044 (corresponding to -0.4 in log-odds scale), based on the n=3000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 522 242 107 134 516 146 082 492 2.80
BAG-CART | 4242 46.23 145 5029 63.78 4829 8.71 38.14 37.41
BOOSTLR 2204 526 024 1829 191 33.15 23.37 14.23 14.81
GBM 278 327 789 630 618 566 166 4.63 4.79
GBM-Stack 033 065 410 167 124 332 2,08 3.73 2.14
KNN 29.19 37.43 14.63 37.77 38.83 40.79 2423 13.72 29.58
LR 023 217 482 1140 984 2,69 978 8.35 6.16
LR-Stack 1.65 1.51 1.28 060 246 3.09 046 4.72 1.97
NB 49.02 30.80 10.15 81.31 51.13 5541 326 31.12 39.02
NNET 1.51 088 080 265 005 609 362 243 2.25
RF 793 734 499 880 6.66 9.69 0.70 3.50 6.20
RLR 077 112 403 945 814 092 9.04 6.76 5.03
SC 2479 2394 14.16 31.09 27.86 28.13 13.81 25.17 23.62
Superlearner 424 336 631 7.16 7.08 838 1.19 8.73 5.81
SVM 11.12 060 068 140 210 850 548 4.78 4.33
Twang-GBM | 12.61 13.01 7.39 16.87 16.80 14.85 3.68 16.21 12.68
Simulated PS | 0.70 0.61 031 027 047 177 109 482 1.26
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Table 13: (Relative Bias; n=3000; ATE= 0.055 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
0.055 (corresponding to 0.4 in log-odds scale), based on the n=3000 simulated data setup. The
average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 6.50 4.61 222 1.67 635 032 348 1.88 3.38
BAG-CART | 44.22 40.69 2.70 51.81 60.29 5044 7.25 4234 37.47
BOOSTLR 1834 749 248 2544 274 3459 1870 16.28 15.76
GBM 4.67 4.69 5.14 6.12 694 681 0.18 194 4.56
GBM-Stack 1.57 0.51 0.55 231 210 463 434 221 2.28
KNN 30.86 35.78 22.09 44.12 44776 4599 33.05 21.71 34.79
LR 093 7.27 10.00 20.26 1932 288 14.66 17.45 11.59
LR-Stack 0.17 3.18 2.70 029 324 479 3.09 3.71 2.65
NB 53.46 3452 6.71 10241 61.53 58.52 251 48.72 46.05
NNET 281 128 4.36 236 1.66 359 473 456 3.17
RF 806 813 081 1326 9.85 11.24 456 8.97 8.11
RLR 205 595 9.01 17.81 17.19 1.04 13.74 1547 10.28
SC 2727 2421 11.85 31.69 26.59 27.86 12.33 2322 23.13
Superlearner 5.63 383 3.17 6.17 646 928 1.21 5.0 5.18
SVM 1534 045 441 396 1.31 10.86 841 4.34 6.13
Twang-GBM | 14.72 14.14 441 16.82 17.26 1550 136 14.33 12.32
Simulated PS | 195 1.75 4.19 229 1.82 074 133 443 2.31
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Table 32: (Raw (naive) bias; n=3000) Summary table of relative ATE estimation bias (in %)
when ignoring selection bias and using a naive treatment effect estimate without propensity
score based IPTW. Relative bias is presented across all eight simulated scenarios (A-H) and
across all six simulated average treatment effects based on the n=3000 data setup.

A B C D E F G H Mean-bias
-1.2 | 1831 19.11 443 2329 2278 2085 533 19.67 16.72
-1.0 | 22.02 2271 535 2850 2756 2530 6.55 23.76 20.22
-0.8 | 27.60 2830 693 36.04 3446 31.74 847 2998 25.44
-0.6 | 3799 3762 972 49.04 46.58 4246 11.07 41.56 34.51
-04 | 5795 5670 14.54 7527 69.80 65.14 16.82 64.35 52.57
+04 | 62.87 61.27 1291 81.27 7423 67.56 1631 68.80 55.65

Table 33: (n=3000) Summary table of ATE estimation mean-squared error (mse) when ignoring
selection bias and using a naive treatment effect estimate without propensity score based IPTW.
mean-squared error (mse) computed across m=1000 simulated data set based on the n=3000
simulated data setup, and presented for all eight simulated scenarios (A-H) and all six simulated
average treatment effects.

A B C D E F G H Mean-mse
-1.2 | 0.0008 0.0009 0.0005 0.0011 0.0011 0.0009 0.0005 0.0009 0.0008
-1.0 | 0.0009 0.0009 0.0005 0.0012 0.0012 0.0010 0.0005 0.0010 0.0009
-0.8 | 0.0011 0.0010 0.0006 0.0014 0.0013 0.0012 0.0006 0.0012 0.0010
-0.6 | 0.0012 0.0012 0.0006 0.0016 0.0015 0.0013 0.0006 0.0014 0.0012
-0.4 | 0.0014 0.0013 0.0006 0.0018 0.0017 0.0015 0.0007 0.0016 0.0013
+0.4 | 0.0022 0.0021 0.0008 0.0031 0.0027 0.0023 0.0010 0.0025 0.0021

Table 34: (n=3000) Summary table of ATE estimation Monte Carlo standard error (MCse) when
ignoring selection bias and using a naive treatment effect estimate without propensity score
based IPTW. Monte Carlo standard error (MCse) computed across m=1000 simulated data set
based on the n=3000 simulated data setup, and presented for all eight simulated scenarios (A-H)
and all six simulated average treatment effects.

A B C D E F G H Mean-MCse
-1.2 | 0.0220 0.0217 0.0217 0.0222 0.0226 0.0215 0.0218 0.0230 0.0221
-1.0 | 0.0230 0.0226 0.0227 0.0234 0.0237 0.0223 0.0226 0.0240 0.0230
-0.8 | 0.0242 0.0235 0.0234 0.0244 0.0247 0.0234 0.0231 0.0249 0.0240
-0.6 | 0.0255 0.0247 0.0235 0.0258 0.0256 0.0242 0.0242 0.0264 0.0250
-0.4 | 0.0265 0.0253 0.0243 0.0269 0.0267 0.0255 0.0256 0.0272 0.0260
+0.4 | 0.0314 0.0294 0.0278 0.0313 0.0308 0.0299 0.0295 0.0321 0.0303
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Table 35: (n=3000) Summary table of ATE estimation Robust sandwich-type standard error
(SE) when ignoring selection bias and using a naive treatment effect estimate without propensity
score based IPTW. Robust sandwich-type standard error (SE) computed across m=1000 simu-
lated data set based on the n=3000 simulated data setup, and presented for all eight simulated
scenarios (A-H) and all six simulated average treatment effects.

A B C D E F G H Mean-bias
-1.2 ] 0.0224 0.0219 0.0218 0.0225 0.0221 0.0221 0.0218 0.0225 0.0221
-1.0 | 0.0233 0.0227 0.0225 0.0235 0.0230 0.0230 0.0225 0.0235 0.0230
-0.8 | 0.0244 0.0236 0.0234 0.0246 0.0239 0.0239 0.0233 0.0245 0.0240
-0.6 | 0.0255 0.0246 0.0243 0.0257 0.0249 0.0249 0.0242 0.0257 0.0250
-0.4 | 0.0267 0.0256 0.0252 0.0269 0.0260 0.0260 0.0251 0.0269 0.0261
+0.4 | 0.0316 0.0299 0.0295 0.0318 0.0305 0.0305 0.0292 0.0318 0.0306

Table 36: (ASAM; n=3000) Mean of the averaged standardized absolute mean differences over
m=1000 simulated data sets in the n=3000 simulated data setup. In each data set the mean of the

standardized absolute mean differences of all ten covariates is taken. We describe values in this
table as ASAM. The last row (NO WEIGHT) presents the ASAM in the initial non-weighted

data.

A B C D E F G H Mean-ASAM
AVNNET 0.088 0.085 0.085 0.102 0.090 0.098 0.084 0.095 0.091
BAG-CART | 0.248 0.271 0.261 0.288 0.292 0.291 0.255 0.258 0.270
BOOSTLR 0.298 0.274 0.275 0.359 0.359 0.396 0.257 0.319 0.317
GBM 0.092 0.090 0.090 0.098 0.093 0.097 0.084 0.092 0.092
GBM-Stack 0.087 0.084 0.088 0.094 0.088 0.090 0.085 0.090 0.088
KNN 0.336 0.373 0.252 0.384 0411 0411 0.292 0.321 0.347
LR 0.088 0.092 0.079 0.137 0.125 0.097 0.074 0.110 0.100
LR-Stack 0.090 0.088 0.097 0.100 0.090 0.096 0.093 0.094 0.093
NB 0.196 0.149 0.096 0.348 0.225 0.209 0.098 0.177 0.187
NNET 0.087 0.089 0.097 0.111 0.096 0.112 0.098 0.111 0.100
RF 0.105 0.100 0.095 0.116 0.109 0.108 0.093 0.109 0.104
RLR 0.087 0.090 0.078 0.130 0.119 0.094 0.073 0.106 0.097
SC 0.184 0.161 0.111 0.201 0.180 0.207 0.118 0.145 0.164
Superlearner | 0.088 0.084 0.085 0.094 0.088 0.094 0.078 0.089 0.087
SVM 0.103 0.089 0.087 0.109 0.094 0.099 0.088 0.096 0.096
Twang-GBM | 0.091 0.090 0.079 0.098 0.097 0.098 0.073 0.092 0.090
Simulated PS | 0.076 0.078 0.089 0.093 0.087 0.091 0.094 0.096 0.088
NO WEIGHT | 0.287 0.264 0.147 0.338 0.310 0.322 0.153 0.254 0.259
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Table 37: (ASAM,,,s; n=3000) Mean of the averaged standardized absolute mean differences
over m=1000 simulated data sets in the n=3000 simulated data setup. In each data set, the mean
of the standardized absolute mean differences of the four confounding covariates is taken. We
therefore describe values in this table with ASAM,,,,¢. The last row (NO WEIGHT) presents the
ASAM,,,s in the initial non-weighted data.

A B C D E F G H Mean-ASAM
AVN 0.089 0.085 0.086 0.101 0.089 0.099 0.085 0.097 0.091
BAG-CART | 0.252 0.282 0.257 0.298 0.302 0.321 0.249 0.273 0.279
BOOSTLR 0.288 0.256 0.327 0.454 0.458 0.532 0.299 0.385 0.375
GBM 0.096 0.092 0.095 0.105 0.097 0.109 0.088 0.094 0.097
GBM-Stack | 0.087 0.082 0.088 0.094 0.088 0.094 0.088 0.093 0.089
KNN 0.326 0.376 0.258 0.393 0.447 0.446 0.305 0.332 0.360
LR 0.088 0.101 0.075 0.150 0.145 0.102 0.075 0.129 0.108
LR-Stack 0.089 0.085 0.095 0.103 0.089 0.101 0.098 0.097 0.095
NB 0.203 0.147 0.091 0.386 0.239 0.217 0.095 0.189 0.196
NNET 0.087 0.089 0.100 0.112 0.095 0.115 0.101 0.115 0.102
RF 0.102 0.096 0.102 0.108 0.102 0.103 0.095 0.108 0.102
RLR 0.088 0.098 0.075 0.142 0.137 0.099 0.074 0.124 0.105
SC 0.199 0.167 0.127 0.253 0.225 0.305 0.150 0.185 0.201
Superlearner | 0.090 0.084 0.085 0.096 0.089 0.105 0.083 0.092 0.091
SVM 0.106 0.087 0.088 0.106 0.091 0.107 0.093 0.097 0.097
Twang-GBM | 0.097 0.093 0.083 0.107 0.106 0.119 0.083 0.102 0.098
Simulated PS | 0.077 0.079 0.091 0.098 0.088 0.094 0.098 0.098 0.090
NO WEIGHT | 0.316 0.289 0.160 0.424 0.389 0.459 0.201 0.337 0.322
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Table 38: Average of maximum IPTW weights resulting through the different propensity score
estimation models in each of the m=1000 simulated data sets for each scenario (A-H) in the
n=3000 simulated data setup.

A B C D E F G H Average
AVNNET 154 156 198 277 178 302 206 254 21.6
BAG-CART | 193.0 191.8 195.1 199.1 196.0 197.7 1942 196.3 1954
BOOSTLR 541 497 1047 102.1 81.0 127.8 84.1 624 83.3
GBM 166 139 167 167 155 151 174 173 16.1
GBM-Stack 11.0 101 120 121 113 120 127 12.0 11.7
KNN 200.0 200.0 200.0 200.0 200.0 200.0 199.9 200.0 200.0
LR 235 220 102 555 421 320 7.1 299 27.8
LR-Stack 13.1 96 141 132 103 132 140 117 12.4
NB 586 343 183 1436 624 61.6 26.1 102.7 63.5
NNET 195 222 337 391 261 437 36.6 43.0 33.0
RF 559 422 384 6377 514 582 368 632 51.2
RLR 222 20.7 99 51.1 390 293 6.8 27.8 25.8
SC 6.4 5.7 3.8 8.7 7.5 6.0 3.2 7.5 6.1
Superlearner 11.4 9.8 107 128 109 121 108 10.2 11.1
SVM 125 122 172 183 167 185 169 16.6 16.1
Twang-GBM | 13.1 11.1 113 158 13.0 139 120 149 13.1
Simulated PS | 22.0 22.8 362 323 28.8 332 420 379 31.9

Table 39: Average of mean IPTW weights over m=1000 simulations resulting through the dif-
ferent propensity score estimation models for each scenario (A-H) in the n=3000 simulated data
setup.

A B C D E F G H Average
AVNNET 201 2.02 199 205 202 204 197 203 2.02
BAG-CART | 3.21 3.18 329 3.66 344 349 328 3.37 3.37
BOOSTLR 302 299 3.08 3.52 337 3.68 3.00 3.09 3.22
GBM 1.99 198 195 197 198 195 196 2.00 1.97
GBM-Stack | 2.00 2.00 1.99 2.00 2.00 2.00 2.00 2.00 2.00
KNN 6.29 578 550 6.64 656 6.18 554 6.46 6.12
LR 202 205 203 213 213 2.04 2.01 2.09 2.06
LR-Stack 201 201 201 202 200 204 2.02 2.00 2.01
NB 246 231 193 296 258 234 2.05 3.52 2.52
NNET 202 206 208 211 207 213 206 2.13 2.08
RF 234 225 222 231 227 226 216 2.32 2.27
RLR 200 204 202 211 210 2.02 2.01 2.07 2.05
SC 190 192 197 188 190 1.89 198 1.94 1.92
Superlearner | 1.85 1.85 1.81 1.81 1.82 1.82 1.81 1.81 1.82
SVM 201 200 200 2.00 200 2.00 199 1.99 2.00
Twang-GBM | 1.97 196 190 195 195 193 190 1.96 1.94
Simulated PS | 2.00 2.00 2.00 2.00 2.00 2.00 1.99 1.99 2.00
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Table 40: Average of the first quantile of the IPTW weights over m=1000 simulations resulting
through the different propensity score estimation models for each scenario (A-H) in the n=3000

simulated data setup.

A B C D E F G H Average
AVN 1.20 123 1.22 1.14 1.18 1.16 122 1.17 1.19
BAG-CART | 120 1.22 1.19 1.13 1.17 1.16 1.19 1.14 1.18
BOOSTLR 1.25 133 127 1.15 122 1.11 131 1.23 1.23
GBM 1.23 126 124 1.17 120 1.21 124 1.18 1.22
GBM-Stack | 1.21 1.24 120 1.15 1.18 1.17 1.20 1.17 1.19
KNN 1.14 1.19 120 1.08 1.12 1.10 1.18 1.11 1.14
LR 1.21 131 145 1.17 123 1.21 148 1.25 1.29
LR-Stack 1.21 123 120 1.15 1.18 1.17 1.19 1.17 1.19
NB .13 1.17 127 1.10 1.13 1.16 1.26 1.06 1.16
NNET 1.20 123 120 1.13 1.17 1.15 1.19 1.15 1.18
RF .16 1.21 120 1.12 1.16 1.15 121 1.14 1.17
RLR 1.21 132 146 1.17 124 122 149 1.26 1.30
SC 1.34 151 157 132 142 142 1.63 1.36 1.45
SL 1.21 125 1.25 1.16 120 120 126 1.20 1.22
SVM 1.25 1.26 122 1.18 120 1.19 1.21 1.20 1.21
Twang-GBM | 1.22 1.27 1.27 1.17 121 121 127 1.18 1.23
Simulated PS | 1.21 1.23 1.20 1.13 1.17 1.15 1.18 1.13 1.18

Table 41: Average of the third quantile of the IPTW weights over m=1000 simulations resulting
through the different propensity score estimation models for each scenario (A-H) in the n=3000

simulated data setup.

A B C D E F G H Average
AVN 211 215 210 192 201 2.00 207 1.96 2.04
BAG-CART | 226 229 223 206 215 214 223 2.06 2.18
BOOSTLR 372 372 372 3.67 3.71 3.71 3.72 3.71 3.71
GBM 211 214 209 194 203 2.02 210 1.97 2.05
GBM-Stack | 2.12 2.17 2.10 191 2.02 2.00 208 1.95 2.04
KNN 240 248 248 215 227 224 245 224 2.34
LR 209 216 224 196 205 2.09 228 2.08 2.12
LR-Stack 212 217 210 191 2,02 201 2.09 1.93 2.04
NB 2,18 223 210 202 210 215 223 230 2.16
NNET 209 216 211 192 202 2.02 2.09 198 2.05
RF 217 220 217 195 205 2.04 213 1.99 2.09
RLR 209 215 223 196 204 2.08 228 2.08 2.12
SC 227 212 239 213 209 215 237 232 2.23
SL 198 200 19 182 189 190 197 1.85 1.92
SVM 219 221 211 190 2.03 2.01 2.09 1.98 2.07
Twang-GBM | 2.10 2.14 2.07 192 2.01 200 2.06 1.96 2.03
Simulated PS | 2.08 2.11 2.04 188 197 194 2.02 1.86 1.99
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12.2. APPENDIX A — PERFORMANCE MEASURE RESULTS BASED ON N = 2000 SeTup

Table 42: (Relative Bias; n=2000; ATE= -0.103 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.103 (corresponding to -1.2 in log-odds scale), based on the n=2000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 1.80 1.18 1.09 081 0.86 033 0.89 090 0.98
BAG-CART 837 1793 196 1636 19.10 1390 142 12.72 11.47
BOOSTLR 693 6.10 295 4.09 150 9.12 7778 5.86 5.54
GBM 1.11 1.36 152 346 238 1.82 213 049 1.78
GBM-Stack 047 057 001 079 050 0.68 0.63 0.34 0.50
KNN 6.65 10.11 847 1853 1164 782 7.69 4.82 9.47
LR 051 215 247 016 025 039 092 1.06 0.99
LR-Stack 031 021 066 0.17 1.06 052 140 0.16 0.56
NB 14.83 10.12 1.68 19.78 13.36 1596 3.56 6.35 10.71
NNET 1.15 0.15 049 083 131 238 026 2.03 1.08
RF 022 044 1.16 0.10 028 0.03 247 0.52 0.65
RLR 092 251 212 078 088 094 063 045 1.15
SC 8.02 995 327 1153 1079 861 583 8.51 8.31
Superlearner 046 050 053 190 2.09 1.77 1.65 2.16 1.38
SVM 204 059 095 038 0.01 238 1.03 035 0.97
Twang-GBM | 4.57 553 144 758 679 568 296 5.73 5.04
Simulated PS | 0.89 0.74 0.41 1.20 026 0.12 0.88 0.57 0.63
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Table 43: (Relative Bias; n=2000; ATE= -0.091 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.091 (corresponding to -1.0 in log-odds scale), based on the n=2000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 210 127 140 1.14 058 043 0.81 0.82 1.07
BAG-CART | 11.28 21.85 3.48 20.35 2336 1644 023 16.17 14.14
BOOSTLR 836 7.80 340 567 229 10.06 10.09 7.55 6.90
GBM 1.21 1.50 181 418 223 229 207 048 1.97
GBM-Stack 041 081 005 125 000 1.03 056 054 0.58
KNN 8.84 1238 11.44 2221 1539 880 940 7.18 11.96
LR 045 154 341 078 088 0.14 1.84 2.18 1.40
LR-Stack 045 009 092 043 063 059 135 034 0.60
NB 18.21 1255 190 2546 1729 19.61 373 942 13.52
NNET 1.29 034 093 082 208 285 0.65 246 1.43
RF 1.01 094 1.13 010 093 041 228 1.38 1.02
RLR 095 204 298 006 0.09 085 147 142 1.23
SC 9.52 1151 3.68 13.66 12.19 1029 6.59 9.83 9.66
Superlearner 074 029 058 205 173 213 1.66 2.19 1.42
SVM 259 050 123 093 070 3.06 142 0.53 1.37
Twang-GBM 533 636 169 899 743 6.77 3.11 6.66 5.79
Simulated PS | 090 0.74 0.70 1.65 0.78 005 083 0.56 0.77
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Table 44: (Relative Bias; n=2000; ATE= -0.078 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.078 (corresponding to -0.8 in log-odds scale), based on the n=2000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 207 125 150 166 072 0.12 085 0.11 1.04
BAG-CART | 15.66 27.15 434 2555 2898 2099 0.03 22.70 18.18
BOOSTLR 10.53 10.20 4.27 6.15 3.87 1345 1221 9.88 8.82
GBM 092 137 243 576 244 253 275 0.12 2.29
GBM-Stack 0.11 1.37 033 221 008 096 0.71 1.31 0.88
KNN 11.41 17.21 1277 2650 19.18 13.05 13.39 10.14 15.46
LR 020 081 463 158 272 051 3.09 394 2.19
LR-Stack 1.21 035 088 106 052 056 1.66 0.98 0.90
NB 2397 1649 253 3348 2288 2546 4.84 1440 18.01
NNET 096 090 1.11 031 256 390 050 4.20 1.81
RF 222 196 171 012 164 120 2.68 347 1.87
RLR 047 147 408 037 163 044 258 296 1.75
SC 11.31 1387 4.51 17.69 14.69 1262 799 11.86 11.82
Superlearner .51 020 090 300 170 232 198 1.75 1.67
SVM 3.10 027 137 213 092 369 184 0.19 1.69
Twang-GBM 621 745 221 11776 9.04 813 384 7.65 7.04
Simulated PS | 035 054 073 266 0.78 022 145 0.25 0.87
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Table 45: (Relative Bias; n=2000; ATE= -0.062 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.062 (corresponding to -0.6 in log-odds scale), based on the n=2000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 269 285 164 1.61 1.10 035 066 0.16 1.38
BAG-CART | 20.52 33.57 7.75 37.04 37.85 2744 030 30.17 24.33
BOOSTLR 12.63 1225 4.15 10.82 554 1795 15.17 13.67 11.52
GBM 1.26 281 350 7.18 3.13 420 328 0.18 3.19
GBM-Stack 0.14 083 064 261 0.11 1.74 040 1.04 0.94
KNN 14.53 19.57 1650 3422 2455 18.04 20.39 12.96 20.10
LR 029 1.18 651 414 536 065 496 6.31 3.67
LR-Stack 1.56 046 085 1.04 0.61 1.34 155 0.67 1.01
NB 3220 21.20 349 4730 3257 3439 5.89 2091 24.74
NNET 1.10 036 106 069 3.00 5.01 1.21 481 2.15
RF 365 170 251 095 275 166 280 4.89 2.61
RLR 059 208 570 237 376 0.69 423 493 3.04
SC 1471 18.82 6.12 23.08 1949 1744 10.31 16.00 15.75
Superlearner 194 062 147 326 189 348 220 240 2.16
SVM 465 113 177 290 121 574 291 094 2.66
Twang-GBM 8.20 10.60 332 1495 11.87 11.37 4.69 10.62 9.45
Simulated PS | 037 198 0.81 323 0.81 0.11 1.80 0.24 1.17
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Table 46: (Relative Bias; n=2000; ATE= -0.044 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.044 (corresponding to -0.4 in log-odds scale), based on the n=2000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 388 510 283 026 227 023 0.19 0095 1.96
BAG-CART | 35.65 50.63 7.66 59.16 54.75 4251 1.84 48.72 37.61
BOOSTLR 19.68 18.66 6.05 21.89 797 2731 21.89 20.74 18.03
GBM 1.92 489 517 871 483 6.66 404 0.62 4.61
GBM-Stack 0.16 029 030 214 0.02 312 0.05 248 1.07
KNN 2474 31.44 2346 5434 38.14 31.60 28.71 22.75 31.90
LR .15 1.04 981 1123 881 194 850 12.58 6.88
LR-Stack 253 154 179 051 093 236 1.60 131 1.57
NB 50.79 31.88 5.11 7942 51.20 5321 850 36.85 39.62
NNET 1.27 124 218 274 438 854 298 7.84 3.90
RF 586 298 284 449 520 280 359 9.08 4.60
RLR 025 252 862 832 641 022 7.37 1031 5.50
SC 22.47 2837 940 3331 2942 26.62 1534 23.08 23.50
Superlearner 324 132 193 228 260 526 274 257 2.74
SVM 796 239 321 292 155 933 483 132 4.19
Twang-GBM | 1242 1646 4.67 20.64 1793 17.16 6.50 1527 13.88
Simulated PS | 0.02 390 121 324 041 088 1.64 0.08 1.42
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Table 47: (Relative Bias; n=2000; ATE= 0.055 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
0.055 (corresponding to 0.4 in log-odds scale), based on the n=2000 simulated data setup. The
average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 396 373 140 539 143 331 220 6.07 3.44
BAG-CART | 40.10 51.28 17.05 58.67 5534 49.11 331 54.84 41.21
BOOSTLR 2035 19.17 422 29.88 1549 3520 24.32 27.89 22.07
GBM 1.77 326 6091 469 0.10 575 270 3.84 3.63
GBM-Stack 0.16 1.83 0.84 0.74 431 325 122 4382 2.15
KNN 21.47 4051 22,10 50.35 47.42 3845 33.79 31.87 35.74
LR 0.82 633 927 2338 2595 738 10.97 23.46 13.44
LR-Stack 2.14 059 1.17 455 408 1.83 029 3.62 2.28
NB 53.71 37.68 6.02 10240 70.14 6294 7.89 5528 49.51
NNET 1.66 0.11 1.79 7778 7.05 11.04 6.81 13.78 6.25
RF 6.12 699 2380 842 1156 685 0.12 1292 6.97
RLR 0.78 442 791 19.73 22,65 480 9.69 20.74 11.34
SC 23.72 25.85 1190 29.09 23.68 25.59 16.16 19.39 21.92
Superlearner 298 1.19 3.50 251 376 349 147 1.63 2.57
SVM 10.83 0.83 3.60 1.59 578 1046 6.52 0.06 4.96
Twang-GBM | 13.25 1485 6.08 17.58 1398 1637 5.06 12.17 12.42
Simulated PS | 0.21  3.09 0.23 0.61 237 0.62 034 1.05 1.06
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Table 66: (Raw (naive) bias; n=2000) Summary table of relative ATE estimation bias (in %)
when ignoring selection bias and using a naive treatment effect estimate without propensity
score based IPTW. Relative bias is presented across all eight simulated scenarios (A-H) and

across all six simulated average treatment effects based on the n=2000 data setup.

A B C D E F G H Mean-bias

-1.2 | 17.99 20.00 328 2443 2287 1976 654 19.78
-1.0 | 21.63 2387 374 2942 27.14 2389 7.57 2382
-0.8 | 26.70 29.70 4771 38.10 3395 2999 941 30.07
-0.6 | 3520 40.28 6.50 51.23 4638 41.32 1239 41.37
-0.4 | 5398 61.45 10.11 77.84 71.15 63.62 18.80 62.84
+0.4 | 57.52 6258 1293 7874 7199 66.08 20.59 65.17

16.83
20.14
25.33
34.33
52.47
54.45

Table 67: (n=2000) Summary table of ATE estimation mean-squared error (mse) when ignoring
selection bias and using a naive treatment effect estimate without propensity score based IPTW.
mean-squared error (mse) computed across m=1000 simulated data set based on the n=2000
simulated data setup, and presented for all eight simulated scenarios (A-H) and all six simulated

average treatment effects.

A B C D E F G H

Mean-mse

-1.2 |1 0.0011 0.0012 0.0007 0.0014 0.0013 0.0011 0.0008 0.0012
-1.0 | 0.0012 0.0013 0.0008 0.0015 0.0014 0.0013 0.0008 0.0013
-0.8 | 0.0013 0.0014 0.0009 0.0018 0.0016 0.0014 0.0009 0.0014
-0.6 | 0.0015 0.0015 0.0009 0.0020 0.0018 0.0015 0.0010 0.0017
-0.4 | 0.0016 0.0017 0.0010 0.0022 0.0021 0.0018 0.0011 0.0019
+0.4 | 0.0025 0.0026 0.0014 0.0034 0.0031 0.0027 0.0015 0.0028

0.0011
0.0012
0.0013
0.0015
0.0017
0.0025

Table 68: (n=2000) Summary table of ATE estimation Monte Carlo standard error (MCse) when
ignoring selection bias and using a naive treatment effect estimate without propensity score
based IPTW. Monte Carlo standard error (MCse) computed across m=1000 simulated data set
based on the n=2000 simulated data setup, and presented for all eight simulated scenarios (A-H)

and all six simulated average treatment effects.

A B C D E F G H

Mean-MCse

-1.2 1 0.0285 0.0272 0.0269 0.0274 0.0276 0.0271 0.0274 0.0278
-1.0 | 0.0289 0.0284 0.0279 0.0285 0.0288 0.0280 0.0282 0.0288
-0.8 | 0.0301 0.0290 0.0295 0.0296 0.0296 0.0285 0.0293 0.0298
-0.6 | 0.0312 0.0299 0.0304 0.0306 0.0312 0.0297 0.0303 0.0316
-0.4 ] 0.0324 0.0314 0.0316 0.0316 0.0329 0.0313 0.0318 0.0329
+0.4 | 0.0378 0.0364 0.0367 0.0380 0.0383 0.0369 0.0363 0.0385

0.0275
0.0284
0.0294
0.0306
0.0320
0.0374
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Table 69: (n=2000) Summary table of ATE estimation Robust sandwich-type standard error
(SE) when ignoring selection bias and using a naive treatment effect estimate without propensity
score based IPTW. Robust sandwich-type standard error (SE) computed across m=1000 simu-
lated data set based on the n=2000 simulated data setup, and presented for all eight simulated
scenarios (A-H) and all six simulated average treatment effects.

A B C D E F G H Mean-bias
-1.2 | 0.0273 0.0268 0.0266 0.0276 0.0269 0.0270 0.0266 0.0274 0.0270
-1.0 | 0.0285 0.0278 0.0276 0.0288 0.0279 0.0281 0.0275 0.0286 0.0281
-0.8 | 0.0297 0.0289 0.0286 0.0302 0.0291 0.0292 0.0285 0.0300 0.0293
-0.6 | 0.0311 0.0301 0.0297 0.0315 0.0304 0.0305 0.0296 0.0314 0.0305
-0.4 | 0.0326 0.0314 0.0309 0.0330 0.0318 0.0319 0.0307 0.0329 0.0319
+0.4 | 0.0385 0.0365 0.0360 0.0388 0.0372 0.0373 0.0357 0.0388 0.0373

Table 70: (ASAM; n=2000) Mean of the averaged standardized absolute mean differences over
m=1000 simulated data sets in the n=2000 simulated data setup. In each data set the mean of the

standardized absolute mean differences of all ten covariates is taken. We describe values in this
table as ASAM. The last row (NO WEIGHT) presents the ASAM in the initial non-weighted

data.

A B C D E F G H Mean-ASAM
AVNNET 0.106 0.103 0.103 0.129 0.112 0.119 0.103 0.117 0.111
BAG-CART | 0.278 0.304 0.301 0.319 0.321 0.313 0.290 0.284 0.301
BOOSTLR 0.324 0.288 0.298 0.384 0.374 0.412 0.280 0.325 0.336
GBM 0.109 0.107 0.109 0.117 0.112 0.114 0.102 0.111 0.110
GBM-Stack 0.105 0.102 0.107 0.113 0.106 0.107 0.105 0.107 0.107
KNN 0.353 0.397 0.283 0.399 0.425 0422 0.327 0.347 0.369
LR 0.107 0.113 0.096 0.158 0.144 0.118 0.092 0.129 0.120
LR-Stack 0.111 0.108 0.119 0.122 0.110 0.118 0.117 0.112 0.115
NB 0.211 0.167 0.111 0.364 0.240 0.230 0.114 0.194 0.204
NNET 0.105 0.111 0.121 0.133 0.123 0.139 0.124 0.140 0.125
RF 0.117 0.112 0.112 0.128 0.120 0.119 0.105 0.121 0.117
RLR 0.105 0.110 0.095 0.148 0.136 0.114 0.091 0.124 0.115
SC 0.191 0.163 0.120 0.206 0.186 0.212 0.126 0.151 0.169
Superlearner | 0.105 0.103 0.100 0.114 0.107 0.107 0.096 0.103 0.104
SVM 0.117 0.105 0.105 0.124 0.110 0.114 0.106 0.111 0.112
Twang-GBM | 0.108 0.103 0.092 0.115 0.111 0.115 0.087 0.105 0.104
Simulated PS | 0.093 0.096 0.108 0.111 0.106 0.112 0.112 0.114 0.107
NO WEIGHT | 0.291 0.264 0.154 0.342 0.313 0.326 0.159 0.257 0.263
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Table 71: (ASAM,,,s; n=2000) Mean of the averaged standardized absolute mean differences
over m=1000 simulated data sets in the n=2000 simulated data setup. In each data set, the mean
of the standardized absolute mean differences of the four confounding covariates is taken. We
therefore describe values in this table with ASAM,,,,¢. The last row (NO WEIGHT) presents the
ASAM,,,s in the initial non-weighted data.

A B C D E F G H Mean-ASAM
AVN 0.106 0.105 0.103 0.129 0.111 0.119 0.104 0.119 0.112
BAG-CART | 0.276 0.317 0.296 0.330 0.333 0.337 0.279 0.295 0.308
BOOSTLR 0.323 0.278 0.339 0478 0.472 0.534 0.323 0.382 0.391
GBM 0.113 0.111 0.113 0.125 0.117 0.126 0.108 0.112 0.116
GBM-Stack | 0.104 0.102 0.107 0.115 0.107 0.112 0.108 0.108 0.108
KNN 0.338 0.398 0.287 0.398 0.450 0.443 0.335 0.352 0.375
LR 0.106 0.123 0.093 0.171 0.163 0.123 0.092 0.147 0.127
LR-Stack 0.111 0.106 0.118 0.126 0.110 0.123 0.121 0.114 0.116
NB 0.214 0.168 0.108 0.399 0.254 0.240 0.111 0.206 0.213
NNET 0.104 0.111 0.124 0.134 0.122 0.144 0.127 0.143 0.126
RF 0.114 0.108 0.118 0.124 0.115 0.119 0.105 0.119 0.115
RLR 0.105 0.120 0.092 0.159 0.152 0.119 0.091 0.140 0.122
SC 0.203 0.167 0.131 0.255 0.227 0.305 0.153 0.185 0.203
Superlearner | 0.104 0.103 0.100 0.116 0.108 0.114 0.098 0.105 0.106
SVM 0.120 0.105 0.107 0.125 0.109 0.121 0.107 0.110 0.113
Twang-GBM | 0.113 0.106 0.095 0.124 0.121 0.136 0.097 0.112 0.113
Simulated PS | 0.093 0.098 0.112 0.115 0.108 0.114 0.113 0.116 0.109
NO WEIGHT | 0.318 0.286 0.161 0.425 0.389 0.459 0.203 0.334 0.322
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Table 72: Average of maximum IPTW weights resulting through the different propensity score
estimation models in each of the m=1000 simulated data sets for each scenario (A-H) in the
n=2000 simulated data setup.

A B C D E F G H Average
AVNNET 139 142 176 295 181 28.1 18.1 249 20.5
BAG-CART | 180.7 182.1 184.1 1925 188.6 188.8 1819 189.2 186.0
BOOSTLR 66.5 544 96.1 1094 914 1247 782 62.1 85.3
GBM 15.1 13.0 152 157 145 139 148 16.2 14.8
GBM-Stack 10.5 97 112 115 109 115 120 114 11.1
KNN 199.9 199.8 198.2 199.9 200.0 200.0 199.7 200.0 199.7
LR 21.0 209 9.8 499 374 292 7.0 27.8 25.4
LR-Stack 12.9 99 151 141 106 157 151 117 13.1
NB 525 312 161 129.1 56.6 56.6 203 943 57.1
NNET 169 208 324 329 263 429 347 419 31.1
RF 427 295 293 473 392 408 269 457 37.7
RLR 193 193 93 442 335 260 6.6 25.1 22.9
SC 6.2 5.6 3.8 8.2 7.2 5.8 3.2 7.2 59
Superlearner 10.1 8.9 95 119 102 109 94 9.6 10.1
SVM 11.8 104 142 153 144 157 138 135 13.6
Twang-GBM | 135 11.2 106 165 135 144 109 139 13.1
Simulated PS | 193 199 31.6 27.6 256 303 338 314 27.4

Table 73: Average of mean IPTW weights over m=1000 simulations resulting through the dif-
ferent propensity score estimation models for each scenario (A-H) in the n=2000 simulated data
setup.

A B C D E F G H Average
AVNNET 201 204 200 211 205 2.07 199 2.07 2.04
BAG-CART | 3.27 3.27 333 3.64 349 345 323 3.39 3.38
BOOSTLR 320 3.06 3.22 3.74 3.56 3.79 3.08 3.16 3.35
GBM 200 200 196 198 199 196 197 201 1.98
GBM-Stack | 2.00 2.01 1.99 201 2.02 201 201 2.01 2.01
KNN 6.33 6.02 563 6.66 655 625 5.76 6.58 6.22
LR 202 207 203 215 214 2.05 202 2.10 2.07
LR-Stack 203 204 207 205 202 2.09 2.06 2.02 2.05
NB 247 231 194 3.04 261 238 2.04 3.56 2.54
NNET 202 210 214 214 212 219 213 223 2.13
RF 227 219 215 223 220 217 210 225 2.19
RLR 200 205 202 211 211 2.02 201 2.08 2.05
SC 190 193 197 188 190 190 1.98 1.94 1.93
Superlearner | 1.82 1.82 1.78 1.78 179 1.78 1.78 1.78 1.79
SVM 201 200 200 200 201 2.00 199 1.99 2.00
Twang-GBM | 1.97 198 189 196 197 194 190 1.96 1.95
Simulated PS | 2.00 2.00 2.00 2.00 2.00 2.00 1.99 1.99 2.00
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Table 74: Average of the first quantile of the IPTW weights over m=1000 simulations resulting
through the different propensity score estimation models for each scenario (A-H) in the n=2000

simulated data setup.

A B C D E F G H Average
AVN 1.20 124 123 1.14 1.18 1.17 123 1.17 1.19
BAG-CART | 121 1.22 120 1.14 1.17 1.17 120 1.15 1.18
BOOSTLR 1.23 132 126 1.13 1.19 1.11 130 1.22 1.22
GBM 1.23 126 1.25 1.17 121 122 125 1.19 1.22
GBM-Stack | 1.21 1.25 121 1.16 1.19 1.18 1.20 1.17 1.20
KNN .15 1.19 1.21 1.08 1.12 1.11 1.19 1.11 1.15
LR 1.21 131 145 1.17 123 1.21 148 1.25 1.29
LR-Stack 1.20 124 120 1.16 1.19 1.18 1.19 1.17 1.19
NB .13 1.18 127 1.10 1.13 1.15 1.27 1.06 1.16
NNET 1.20 122 120 1.14 1.17 1.16 1.19 1.15 1.18
RF 1.18 123 123 1.14 1.18 1.18 124 1.15 1.19
RLR 1.22 132 146 1.17 124 122 149 1.26 1.30
SC 1.34 151 158 133 142 143 1.63 1.36 1.45
SL 1.21 124 124 1.16 120 120 126 1.19 1.21
SVM 1.25 1.26 123 1.18 120 1.20 122 1.21 1.22
Twang-GBM | 1.23 1.27 129 1.18 1.21 121 1.28 1.20 1.23
Simulated PS | 1.21 1.23 1.20 1.13 1.17 1.15 1.18 1.13 1.18

Table 75: Average of the third quantile of the IPTW weights over m=1000 simulations resulting
through the different propensity score estimation models for each scenario (A-H) in the n=2000

simulated data setup.

A B C D E F G H Average
AVN 211 218 212 194 203 2.02 210 1.99 2.06
BAG-CART | 226 231 225 207 217 215 224 207 2.19
BOOSTLR 372 372 371 3.63 3.70 3.69 3.72 3.69 3.70
GBM 212 216 211 196 204 2.04 212 2.00 2.07
GBM-Stack | 2.12 2.19 2.12 193 2.04 203 211 1.98 2.06
KNN 241 252 254 216 230 227 249 227 2.37
LR 210 217 224 197 205 2.08 229 2.09 2.12
LR-Stack 213 222 215 194 204 2.06 2.13 1.97 2.08
NB 218 224 211 203 210 216 221 232 2.17
NNET 210 218 215 195 204 205 213 2.02 2.08
RF 217 221 217 197 206 2.04 214 2.01 2.10
RLR 209 216 223 197 205 2.08 228 2.08 2.12
SC 227 213 239 213 210 2.15 236 232 2.23
SL 194 197 192 179 186 186 194 1.82 1.89
SVM 218 222 213 192 204 2.02 212 2.02 2.08
Twang-GBM | 2.10 2.15 2.07 195 2.03 202 2.07 1098 2.05
Simulated PS | 2.08 2.12 2.05 188 197 194 2.02 1.86 1.99
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12.3. APPENDIX A — PERFORMANCE MEASURE RESULTS BASED ON N = 1000 seTup

Table 76: (Relative Bias; n=1000; ATE= -0.103 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.103 (corresponding to -1.2 in log-odds scale), based on the n=1000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 0.88 1.60 1.87 074 223 022 1.52 226 1.42
BAG-CART | 10.74 19.52 846 14.55 21.14 10.78 195 14.78 12.74
BOOSTLR 14.69 347 141 869 7.64 728 772 6.35 7.16
GBM 0.80 126 3.11 154 259 288 0.53 1.80 1.81
GBM-Stack 0.70 026 251 033 091 197 0.19 142 1.04
KNN 11.78 1234 1.70 832 1193 6.69 5.05 9.34 8.39
LR 077 170 135 132 024 083 264 299 1.48
LR-Stack 200 120 229 155 037 130 0.09 2.04 1.35
NB 14.87 1038 3.25 20.13 13.26 1483 1.17 751 10.67
NNET 020 1.18 033 0.18 047 145 3.66 6.89 1.79
RF 1.26  1.68 4.03 151 232 292 105 1.63 2.05
RLR 0.19 249 0.77 021 100 1.89 213 223 1.36
SC 6.81 1046 4.14 10.63 1090 10.22 444 6.38 8.00
Superlearner 036 344 249 260 383 394 0.69 1.33 2.33
SVM 035 1.67 096 021 151 316 1.72 0.88 1.31
Twang-GBM | 421 7.00 3.80 8.16 848 801 185 4.60 5.76
Simulated PS | 045 094 031 1.77 1.16 0.07 0.03 0.80 0.69
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Table 77: (Relative Bias; n=1000; ATE= -0.091 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.091 (corresponding to -1.0 in log-odds scale), based on the n=1000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 124 156 198 059 375 025 268 3.07 1.89
BAG-CART | 12.22 23.64 11.75 18.84 24.06 1221 2.64 16.37 15.22
BOOSTLR 16.78 547 164 889 857 871 970 8.21 8.50
GBM 078 102 323 167 385 326 024 2.56 2.08
GBM-Stack 046 044 263 046 212 234 1.67 2.01 1.52
KNN 13.58 1493 3.65 1046 1485 8.87 835 13.04 10.97
LR 089 125 1.67 229 017 089 406 445 1.96
LR-Stack 194 102 217 164 128 157 120 2.69 1.69
NB 18.19 13.12 3.56 2549 1549 17.72 0.66 10.91 13.14
NNET 048 199 052 059 133 196 525 8.70 2.60
RF 124 145 462 181 346 3.60 022 1.96 2.30
RLR 014 224 100 077 140 2.14 343 345 1.82
SC 8.56 1222 476 1290 1347 1208 461 7.54 9.52
Superlearner 078 358 269 310 523 463 025 1.19 2.68
SVM 122 173 077 058 272 381 325 1.19 1.91
Twang-GBM | 535 7.88 422 981 10.86 941 122 527 6.75
Simulated PS | 048 0.78 045 2.17 219 0.12 082 145 1.06
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Table 78: (Relative Bias; n=1000; ATE= -0.078 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.078 (corresponding to -0.8 in log-odds scale), based on the n=1000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 147 184 161 096 412 099 441 344 2.36
BAG-CART | 16.07 29.23 14.07 2497 26.05 1343 521 18.63 18.46
BOOSTLR 19.56 6.67 2.50 12.03 10.73 1094 1245 11.08 10.75
GBM 088 125 355 144 433 358 087 3.08 2.37
GBM-Stack 029 068 292 025 231 246 284 1.78 1.69
KNN 1526 18.83 297 1331 1595 13.19 10.20 18.49 13.52
LR 1.36 066 237 424 099 037 628 6.05 2.79
LR-Stack 209 096 238 263 127 165 245 263 2.01
NB 2373 1633 437 3410 20.12 2345 020 14.69 17.12
NNET 045 262 141 1.01 096 3.17 7.11 10.04 3.35
RF 1.86 143 513 132 403 4.18 0.08 2.35 2.55
RLR 033 197 149 219 1.01 198 546 4.63 2.38
SC 11.08 1498 598 1569 16.25 1452 497 9.83 11.66
Superlearner 1.06 419 290 322 6.15 526 1.16 1.69 3.20
SVM 199 205 045 082 304 440 478 0.57 2.26
Twang-GBM 6.85 991 504 1193 1331 1147 093 6.85 8.29
Simulated PS | 0.63 1.11 1.23 231 280 060 168 1.33 1.46
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Table 79: (Relative Bias; n=1000; ATE= -0.062 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.062 (corresponding to -0.6 in log-odds scale), based on the n=1000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 230 229 1.68 301 504 131 736 4095 3.49
BAG-CART | 24.03 38.43 19.69 3564 3248 18.62 5.04 2252 24.56
BOOSTLR 2546  8.14 555 17.09 14.38 16.73 17.11 13.59 14.76
GBM 094 142 393 081 498 483 270 3.89 2.94
GBM-Stack 030 093 306 022 245 326 519 1.66 2.13
KNN 2245 2634 568 2020 21.04 16.09 14.32 24.33 18.81
LR 1.26 007 442 840 353 017 995 9.18 4.62
LR-Stack 1.85 1.16 244 415 100 325 457 2.88 2.66
NB 31.27 2198 557 4942 2953 3239 0.86 22.03 24.13
NNET 1.08 422 242 308 032 419 11.84 12.09 4.90
RF 273 073 556 005 495 475 1.18 246 2.80
RLR 013 177 3.17 527 068 200 884 7.10 3.62
SC 1492 19.75 7.33 2040 21.28 1885 5.63 1343 15.20
Superlearner 1.60 518 318 3.09 729 6.77 284 2.62 4.07
SVM 329 253 010 046 355 629 745 0.32 3.00
Twang-GBM | 9.27 12.70 6.13 1523 17.32 1526 0.16 9.61 10.71
Simulated PS | 0.27 147 2.04 262 3.17 022 406 0.29 1.77
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Table 80: (Relative Bias; n=1000; ATE= -0.044 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
-0.044 (corresponding to -0.4 in log-odds scale), based on the n=1000 simulated data setup.
The average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 309 199 160 375 750 288 12.12 8.46 5.18
BAG-CART | 37.75 56.55 29.04 5222 48.02 30.79 6.17 3198 36.56
BOOSTLR 3748 1237 7.99 27.66 20.27 2631 2558 22.18 22.48
GBM 147 203 516 225 768 598 424 479 4.20
GBM-Stack 012 198 324 049 395 361 8.16 1.46 2.88
KNN 31.43 43.16 1148 27.26 3537 29.09 17.86 39.56 29.40
LR 280 192 7.85 1291 873 227 1569 15.50 8.46
LR-Stack 277 064 197 555 165 378 755 327 3.40
NB 50.16 33.16 7.21 7478 47.62 5158 122 36.85 37.82
NNET 1.09 662 486 217 041 6.76 17.85 19.64 7.42
RF 463 036 701 085 7.04 531 236 4.60 4.02
RLR 046 1.02 592 804 415 122 13.89 12.07 5.85
SC 23.05 28.78 10.56 31.71 31.73 27.70 828 21.07 22.86
Superlearner 229 699 382 548 1071 896 452 4.14 5.86
SVM 6.04 290 070 155 606 864 1123 0.85 475
Twang-GBM | 14.25 18.79 834 23.65 26.02 2237 122 1643 16.39
Simulated PS 1.13 225 402 487 523 211 720 0.14 3.37
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Table 81: (Relative Bias; n=1000; ATE= 0.055 ) Absolute relative bias of the ATE estimate
(in %) computed over m=1000 simulated data sets with true (marginal risk difference) ATE =
0.055 (corresponding to 0.4 in log-odds scale), based on the n=1000 simulated data setup. The
average bias across all scenarios (A-H) is presented in the last column. Models are ordered
alphabetically. The last row (Simulated PS) presents the resulting bias by using the actually
simulated propensity scores, without estimating them by any model.

A B C D E F G H Mean bias
AVNNET 326 1.00 024 637 6.09 439 1072 10.59 5.33
BAG-CART | 4540 51.69 20.34 61.82 47.55 2926 643 33.03 36.94
BOOSTLR 3286 10.66 4.09 39.56 2848 28.07 23.51 19.73 23.37
GBM 1.27 003 607 216 564 879 466 550 4.27
GBM-Stack 1.11 490 271 298 220 7.05 743 2.00 3.80
KNN 3244 47.66 1799 4122 3745 31.89 26.02 4590 35.07
LR 276 11.12 8.72 24.51 19.52 4.07 1581 22.14 13.58
LR-Stack 193 264 054 9.51 1.11 593 7.69 4.30 4.21
NB 56.98 39.03 6.25 9631 5943 56.69 0.62 50.81 45.76
NNET 063 681 939 767 153 552 16.72 19.76 8.50
RF 556 154 564 513 572 760 435 6.70 5.28
RLR 021 765 634 1836 13.73 0.10 13.66 18.01 9.76
SC 2466 24.09 12.66 28.55 29.09 2894 10.76 19.92 22.33
Superlearner 294 324 404 021 7.74 10.02 459 3.02 4.47
SVM 1025 040 212 0.13 405 1275 11.18 1.35 5.28
Twang-GBM | 15.21 16.75 7.83 20.88 25.37 24.68 1.03 17.44 16.15
Simulated PS 1.24 092 543 221 580 081 647 1.36 3.03
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Table 100: (Raw (naive) bias; n=1000) Summary table of relative ATE estimation bias (in %)
when ignoring selection bias and using a naive treatment effect estimate without propensity score
based IPTW. Relative bias is presented across all eight simulated scenarios (A-H) and across all
six simulated average treatment effects based on the n=1000 data setup.

A B C D E F G H Mean-bias
-1.2 | 16.88 20.57 398 2346 23.17 2143 533 17.51 16.54
-1.0 | 20.87 2471 4.58 2859 2843 2576 576 21.58 20.03
-0.8 | 2691 31.10 5.89 3592 3519 3194 6.52 28.05 25.19
-0.6 | 36.13 4159 7.35 4852 4752 4243 7.93 38.69 33.77
-04 | 56.04 62779 1085 7529 73.12 64.36 11.82 60.91 51.90
+0.4 | 59.70 61.79 13.71 77.74 7559 6945 15.06 65.73 54.85

Table 101: (n=1000) Summary table of ATE estimation mean-squared error (mse) when ignor-
ing selection bias and using a naive treatment effect estimate without propensity score based
IPTW. mean-squared error (mse) computed across m=1000 simulated data set based on the
n=1000 simulated data setup, and presented for all eight simulated scenarios (A-H) and all six
simulated average treatment effects.

A B C D E F G H Mean-mse
-1.2 | 0.0018 0.0018 0.0014 0.0021 0.0020 0.0019 0.0014 0.0018 0.0018
-1.0 | 0.0020 0.0019 0.0016 0.0024 0.0022 0.0021 0.0014 0.0020 0.0019
-0.8 | 0.0022 0.0021 0.0017 0.0026 0.0023 0.0023 0.0015 0.0023 0.0021
-0.6 | 0.0024 0.0023 0.0018 0.0029 0.0026 0.0026 0.0017 0.0025 0.0023
-0.4 | 0.0027 0.0025 0.0020 0.0033 0.0029 0.0028 0.0018 0.0029 0.0026
+0.4 | 0.0040 0.0038 0.0026 0.0050 0.0044 0.0044 0.0024 0.0044 0.0039

Table 102: (n=1000) Summary table of ATE estimation Monte Carlo standard error (MCse)
when ignoring selection bias and using a naive treatment effect estimate without propensity score
based IPTW. Monte Carlo standard error (MCse) computed across m=1000 simulated data set
based on the n=1000 simulated data setup, and presented for all eight simulated scenarios (A-H)
and all six simulated average treatment effects.

A B C D E F G H Mean-MCse
-1.2 | 0.0381 0.0365 0.0377 0.0394 0.0377 0.0376 0.0374 0.0391 0.0379
-1.0 | 0.0402 0.0381 0.0393 0.0409 0.0392 0.0390 0.0379 0.0404 0.0394
-0.8 | 0.0423 0.0385 0.0405 0.0431 0.0396 0.0409 0.0389 0.0421 0.0407
-0.6 | 0.0435 0.0403 0.0428 0.0446 0.0414 0.0430 0.0409 0.0441 0.0425
-0.4 | 0.0455 0.0421 0.0447 0.0472 0.0425 0.0443 0.0423 0.0463 0.0444
+0.4 | 0.0539 0.0513 0.0507 0.0557 0.0508 0.0535 0.0485 0.0548 0.0524
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Table 103: (n=1000) Summary table of ATE estimation Robust sandwich-type standard error
(SE) when ignoring selection bias and using a naive treatment effect estimate without propensity
score based IPTW. Robust sandwich-type standard error (SE) computed across m=1000 simu-
lated data set based on the n=1000 simulated data setup, and presented for all eight simulated
scenarios (A-H) and all six simulated average treatment effects.

A B C D E F G H Mean-bias
-1.2 | 0.0386 0.0378 0.0377 0.0388 0.0382 0.0380 0.0374 0.0382 0.0381
-1.0 | 0.0403 0.0392 0.0390 0.0405 0.0398 0.0395 0.0388 0.0400 0.0396
-0.8 | 0.0421 0.0408 0.0405 0.0423 0.0414 0.0411 0.0402 0.0419 0.0413
-0.6 | 0.0441 0.0425 0.0421 0.0443 0.0432 0.0429 0.0418 0.0440 0.0431
-0.4 | 0.0461 0.0443 0.0437 0.0465 0.0451 0.0448 0.0434 0.0461 0.0450
+0.4 | 0.0545 0.0515 0.0510 0.0548 0.0527 0.0526 0.0504 0.0547 0.0528

Table 104: (ASAM; n=1000) Mean of the averaged standardized absolute mean differences over
m=1000 simulated data sets in the n=1000 simulated data setup. In each data set the mean of the
standardized absolute mean differences of all ten covariates is taken. We describe values in this
table as ASAM. The last row (NO WEIGHT) presents the ASAM in the initial non-weighted

data.

A B C D E F G H Mean-ASAM
AVNNET 0.150 0.151 0.151 0.181 0.163 0.176 0.147 0.175 0.162
BAG-CART | 0.338 0.355 0.358 0.386 0.369 0.355 0.334 0.348 0.355
BOOSTLR 0.375 0.354 0.371 0441 0424 0.459 0.339 0.376 0.392
GBM 0.156 0.148 0.150 0.164 0.156 0.153 0.142 0.158 0.153
GBM-Stack 0.151 0.143 0.148 0.158 0.150 0.149 0.145 0.149 0.149
KNN 0.413 0458 0.364 0.452 0466 0.483 0.390 0414 0.430
LR 0.157 0.158 0.136 0.210 0.188 0.164 0.130 0.173 0.164
LR-Stack 0.161 0.152 0.164 0.170 0.159 0.167 0.164 0.159 0.162
NB 0.262 0.204 0.154 0.396 0.273 0.263 0.156 0.239 0.243
NNET 0.151 0.172 0.191 0.181 0.175 0.180 0.193 0.208 0.182
RF 0.161 0.147 0.153 0.170 0.157 0.157 0.142 0.162 0.156
RLR 0.153 0.151 0.133 0.194 0.174 0.156 0.128 0.164 0.157
SC 0.206 0.180 0.143 0.220 0.203 0.223 0.149 0.174 0.187
Superlearner | 0.147 0.137 0.133 0.153 0.146 0.145 0.129 0.142 0.142
SVM 0.160 0.141 0.139 0.166 0.150 0.155 0.140 0.150 0.150
Twang-GBM | 0.144 0.137 0.122 0.153 0.149 0.150 0.118 0.140 0.139
Simulated PS | 0.136 0.130 0.144 0.156 0.143 0.155 0.152 0.158 0.147
NO WEIGHT | 0.299 0.274 0.170 0.349 0.320 0.332 0.177 0.270 0.274
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Table 105: (ASAM,,,s; n=1000) Mean of the averaged standardized absolute mean differences
over m=1000 simulated data sets in the n=1000 simulated data setup. In each data set, the mean
of the standardized absolute mean differences of the four confounding covariates is taken. We
therefore describe values in this table with ASAM,,,,¢. The last row (NO WEIGHT) presents the
ASAM,,,s in the initial non-weighted data.

A B C D E F G H Mean-ASAM
AVN 0.150 0.152 0.153 0.183 0.164 0.175 0.151 0.177 0.163
BAG-CART | 0.337 0.355 0.348 0.389 0.375 0.365 0.328 0.351 0.356
BOOSTLR 0.375 0.351 0.404 0.522 0.506 0.548 0.374 0.418 0.437
GBM 0.160 0.149 0.157 0.174 0.162 0.162 0.151 0.163 0.160
GBM-Stack | 0.150 0.141 0.149 0.162 0.154 0.156 0.155 0.154 0.152
KNN 0.397 0.458 0362 0436 0471 0479 0.391 0.413 0.426
LR 0.158 0.168 0.132 0.223 0.204 0.168 0.132 0.188 0.172
LR-Stack 0.160 0.149 0.161 0.176 0.161 0.176 0.173 0.164 0.165
NB 0.266 0.205 0.153 0.424 0.285 0.269 0.158 0.248 0.251
NNET 0.151 0.173 0.197 0.184 0.178 0.183 0.197 0.214 0.185
RF 0.159 0.142 0.160 0.170 0.156 0.166 0.149 0.162 0.158
RLR 0.154 0.160 0.130 0.205 0.187 0.161 0.130 0.176 0.163
SC 0.211 0.180 0.151 0.264 0.238 0.308 0.175 0.203 0.216
Superlearner | 0.148 0.136 0.136 0.159 0.150 0.154 0.138 0.147 0.146
SVM 0.163 0.140 0.141 0.166 0.151 0.161 0.145 0.152 0.152
Twang-GBM | 0.147 0.138 0.126 0.166 0.159 0.176 0.132 0.150 0.149
Simulated PS | 0.137 0.131 0.149 0.158 0.144 0.158 0.157 0.160 0.149
NO WEIGHT | 0.318 0.290 0.175 0.428 0.389 0.458 0.219 0.339 0.327
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Table 106: Average of maximum IPTW weights resulting through the different propensity score
estimation models in each of the m=1000 simulated data sets for each scenario (A-H) in the
n=1000 simulated data setup.

A B C D E F G H Average
AVNNET 1.7 164 180 265 198 288 16.0 285 20.7
BAG-CART | 150.2 1463 149.7 169.8 1583 1542 143.6 154.6 153.3
BOOSTLR 797 749 948 1160 1029 1172 73.6 799 92.4
GBM 13.7 121 135 169 144 132 125 16.1 14.1
GBM-Stack 9.9 90 104 11.1 102 104 106 104 10.2
KNN 197.2 195.0 191.8 1985 1979 196.8 1909 197.7 195.7
LR 18.9 183 93 41.6 306 235 6.8 237 21.6
LR-Stack 12.3 94 13.6 145 11.7 157 144 114 12.9
NB 50.1 264 148 1077 487 464 165 813 49.0
NNET 135 234 351 241 236 300 36.0 41.1 28.4
RF 282 208 220 314 247 243 19.0 306 25.1
RLR 16.5 159 85 340 254 198 6.2 202 18.3
SC 5.8 5.2 3.7 7.5 6.5 54 3.2 6.7 5.5
Superlearner 8.6 7.5 7.5 9.9 8.6 8.7 7.3 8.5 8.3
SVM 10.9 8.8 98 13.0 11.1 122 100 11.2 10.9
Twang-GBM | 114 9.1 82 145 113 123 80 11.7 10.8
Simulated PS | 163 152 214 21.8 18.0 233 242 237 20.5

Table 107: Average of mean IPTW weights over m=1000 simulations resulting through the
different propensity score estimation models for each scenario (A-H) in the n=1000 simulated
data setup.

A B C D E F G H Average
AVNNET 205 213 209 220 2.14 222 205 223 2.14
BAG-CART | 339 340 339 376 358 338 326 3.49 3.46
BOOSTLR 3.69 3.60 3.66 438 4.14 429 339 3.65 3.85
GBM 203 203 200 204 204 2.00 2.01 2.08 2.03
GBM-Stack | 2.03 2.04 2.03 2.04 204 204 2.04 2.05 2.04
KNN 6.79 650 7.53 6.89 6.66 642 6.70 7.12 6.83
LR 206 2.10 206 221 216 2.09 2.04 2.13 2.10
LR-Stack 207 207 208 210 210 217 212 2.07 2.10
NB 263 234 199 3.19 265 247 2.06 3.62 2.62
NNET 205 225 237 217 221 224 235 244 2.26
RF 221 214 212 216 212 210 2.07 2.18 2.14
RLR 202 206 204 2.13 210 2.04 202 2.08 2.06
SC 191 193 198 189 190 190 198 1.94 1.93
Superlearner | 1.74 1.74 1.71 1770 1.72 1.71 1.71 1.71 1.72
SVM 203 201 199 201 201 201 199 2.00 2.01
Twang-GBM | 1.99 197 191 197 196 196 191 1098 1.96
Simulated PS | 2.00 2.00 1.99 2.00 2.00 2.00 1.99 1.99 2.00
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Table 108: Average of the first quantile of the IPTW weights over m=1000 simulations resulting
through the different propensity score estimation models for each scenario (A-H) in the n=1000

simulated data setup.

A B C D E F G H Average
AVN 1.19 124 124 1.15 1.18 1.17 124 1.17 1.20
BAG-CART | 121 1.23 120 1.14 1.18 1.18 1.21 1.16 1.19
BOOSTLR 1.20 1.27 123 1.11 1.16 1.11 1.28 1.19 1.20
GBM 1.23 126 1.25 1.17 121 122 127 1.19 1.23
GBM-Stack | 1.21 1.26 123 1.16 120 120 1.23 1.19 1.21
KNN 1.15 120 1.21 1.09 1.13 1.12 120 1.12 1.15
LR 1.20 131 144 1.16 123 1.21 147 1.25 1.28
LR-Stack 1.21 125 121 1.16 120 1.19 120 1.19 1.20
NB 1.13 1.18 126 1.10 1.13 1.15 127 1.07 1.16
NNET 1.19 122 120 1.15 1.18 1.18 1.19 1.16 1.18
RF 1.21 126 126 1.17 121 121 128 1.18 1.22
RLR 1.22 133 146 1.18 124 123 149 1.26 1.30
SC 1.34 151 157 133 142 142 1.62 1.36 1.45
SL 1.19 123 122 1.15 1.19 1.19 124 1.18 1.20
SVM 1.25 1.28 127 1.18 121 1.20 126 1.22 1.23
Twang-GBM | 1.23 1.29 131 1.18 1.23 123 1.32 1.22 1.25
Simulated PS | 1.21 1.24 120 1.13 1.17 1.15 1.18 1.13 1.18

Table 109: Average of the third quantile of the IPTW weights over m=1000 simulations resulting
through the different propensity score estimation models for each scenario (A-H) in the n=1000

simulated data setup.

A B C D E F G H Average
AVN 214 223 218 198 208 2.09 216 2.05 2.11
BAG-CART | 230 234 227 210 221 218 227 212 222
BOOSTLR 3.69 3.72 3.67 3.51 3.68 3.67 3.71 3.64 3.66
GBM 215 219 213 199 209 2.08 216 2.06 2.11
GBM-Stack | 2.16 224 216 197 210 2.10 2.17 2.06 2.12
KNN 244 297 6.17 240 235 232 435 2.72 3.21
LR 211 218 227 198 207 210 231 2.10 2.14
LR-Stack 218 224 216 198 210 2.14 2.18 2.06 2.13
NB 222 226 214 204 213 219 222 234 2.19
NNET 213 227 228 198 211 214 225 2.14 2.16
RF 218 221 218 199 208 2.08 216 2.04 2.12
RLR 211 217 225 198 206 2.10 229 2.09 2.13
SC 227 213 239 214 210 2.16 235 231 2.23
SL 1.85 1.87 182 172 178 179 185 1.74 1.80
SVM 220 222 217 195 207 206 2.16 2.07 2.11
Twang-GBM | 2.12 2.16 2.10 195 2.04 205 2.10 2.03 2.07
Simulated PS | 2.09 2.11 2.04 189 197 195 202 1.87 1.99
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12.4. APPENDIX A — ADDITIONAL SIMULATION STUDY RESULT TABLES

Table 110: Mean of the averaged standardized absolute mean differences over m=1000 simu-
lated data sets, assuming that the control and treatment groups were received through random
sampling. The values present the ASAM that would results from a randomized control trial
based on our simulated covariates, for the three different data sizes, respectively.

Data setup n = 1000 | n=2000 | n = 3000
RCT ASAM 0.0612 0.077 0.1067

Table 111: Relative bias (in %) summarized for each scenario A-H. Results presented are
averaged across the simulated ATEs vy, € {-1.2,-1.0,-0.8,-0.6,-0.4,+0.4} and data sizes
n € {3000, 2000, 1000} for each scenario, respectively. The average across scenarios is shown in
the last column.

A B C D E F G H Mean bias
GBM-Stack | 0.38 095 1.81 1.06 152 258 214 1.73 1.52
LR-Stack 1.50 1.17 141 197 152 213 196 2.16 1.73
SL 205 264 279 332 480 5.16 1.74 3.17 3.21
AVN 278 218 135 1.75 332 1.05 281 3.17 2.30
NNET 1.03 164 180 217 158 422 511 6.86 3.05
RLR 054 250 380 580 495 125 6.08 6.59 3.94
LR 084 242 466 780 634 154 6.87 8.13 4.83
Twang-GBM | 8.60 10.46 4.50 13.15 13.20 12.00 2.52 9.88 9.29
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Table 112: Ratio of the MC-SE and estimated SE (MC-SE / SE) for the different ATE estimators.
The ratios are computed for each setup and then averaged across scenarios (A-H) and data sizes
n € {3000,2000, 1000}, respectively. A ratio greater than one means that the estimated SE
(Lumley, 2004) underestimated the empirical Monte-Carlo standard errors (MC-SE).

-2 -10 -08 -06 -04 0.4 Average
GBM-Stack | 1.023 1.022 1.020 1.020 1.019 1.013 1.019
LR-Stack 1.036 1.033 1.030 1.029 1.029 1.024 1.030

SL 1.017 1.016 1.013 1.014 1.014 1.010 1.014
AVN 1.058 1.055 1.053 1.051 1.050 1.042 1.051
NNET 1.096 1.091 1.087 1.087 1.082 1.074 1.086
RLR 1.033 1.035 1.036 1.037 1.037 1.032 1.035
LR 1.040 1.041 1.043 1.044 1.044 1.038 1.042

Twang-GBM | 1.006 1.003 1.000 1.001 1.000 0.993 1.001
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12.5. AppPeNDIX A — CoRRELATIONS oF ASAM anD ATE ESTIMATES

Table 113: (n=3000) Pearson correlations of ASAM and ATE estimates across different learners.
Correlations are calculated for each of the m=1000 data sets using the absolute ATE estimation
error and the ASAM from LR-Stack, GBM-Stack, SL, LR, RLR, NNET, AVNNET and Twang-
GBM, respectively. The average of the correlations in the m =1000 data sets is reported for each

scenario.

A B C D E F G H Mean
-1.2 1 0.04 0.02 0.06 0.06 -0.01 0.03 0.10 0.01 0.04
-1.0 { 0.03 0.02 0.06 0.07 -0.01 0.02 0.09 0.03 0.04
-0.8 |1 0.04 003 0.06 009 003 0.04 0.10 0.03 0.05
-0.6 {0.04 0.02 0.05 0.09 005 005 0.10 0.05 0.06
-04 {003 0.05 0.06 0.11 0.06 0.06 0.11 0.04 0.07
+0.4 1 0.02 0.07 0.07 0.17 0.13 0.05 0.10 0.09 0.09

Table 114: (n=3000) Spearman correlations of ASAM and ATE estimates across different learn-
ers. Correlations are calculated for each of the m=1000 data sets using the absolute ATE esti-
mation error and the ASAM from LR-Stack, GBM-Stack, SL, LR, RLR, NNET, AVNNET and
Twang-GBM, respectively. The average of the correlations in the m =1000 data sets is reported

for each scenario.

A B C D E F G H Mean
-1.2 10.03 0.02 0.06 0.05 001 003 0.09 001 0.04
-1.0 | 0.02 0.02 0.06 0.07 0.01 0.02 0.08 0.02 0.04
-0.8 | 0.01 0.04 0.05 0.08 0.03 004 0.10 0.03 0.05
-0.6 | 0.03 0.02 0.05 0.07 004 004 0.10 0.05 0.05
-0.4 | 003 004 0.05 0.08 004 005 0.10 0.04 0.05
+04 1 0.02 0.07 006 0.12 0.09 0.03 0.09 0.07 0.07
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Table 115: (n=3000) Pearson correlations of ASAM,,,; and ATE estimates across different
learners. Correlations are calculated for each of the m=1000 data sets using the absolute ATE
estimation error and the ASAM,,,,; (confounders only) from LR-Stack, GBM-Stack, SL, LR,
RLR, NNET, AVNNET, and Twang-GBM, respectively. The average of the correlations in the
m =1000 data sets is reported for each scenario.

A B C D E F G H Mean
-1.2 | 0.04 001 0.05 0.04 -0.03 -0.01 0.08 -0.01 0.02
-1.0 | 0.04 0.01 0.04 0.06 -0.03 -0.01 0.07 0.00 0.02
-0.8 | 0.04 0.01 0.05 0.07 0.02 000 009 0.02 0.04
-0.6 | 0.03 001 0.05 0.07 004 000 0.07 0.02 0.04
-0.4 | 0.02 004 0.06 0.08 0.04 003 007 003 0.05
+0.4 1 0.01 006 006 0.15 0.13 0.00 006 006 0.07

Table 116: (n=3000) Pearson correlations of ASAM and ATE estimates across different learners.
Correlations are calculated for each of the m=1000 data sets using the absolute ATE estimation
error and the ASAM from LR-Stack, GBM-Stack, SL, LR, RLR, NNET, AVNNET, Twang-
GBM and the two models KNN and BAG-CART, respectively. The average of the correlations
in the m =1000 data sets is reported for each scenario.

A B C D E F G H Mean
-1.2 {046 052 045 050 053 053 050 043 049
-1.0 {049 052 045 049 052 052 050 044 049
-0.8 | 051 053 045 049 053 052 051 046  0.50
-0.6 | 053 052 047 051 054 053 051 048 0.51
-0.4 | 054 055 047 0.51 055 054 051 050 052
+0.4 1054 056 054 052 055 055 053 049 054
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Table 117: (n=3000) Pearson correlations between the ASAM values and the absolute ATE
estimation errors over m=1000 simulations of each model within each scenario (A-H).

A B C D E F G H Mean
AVNNET 004 007 002 007 005 0.08 0.01 008 0.05
BAG-CART 0.18 026 009 0.18 023 022 0.18 023 0.20
BOOSTLR 027 021 021 024 023 023 027 027 024
GBM -0.00 0.03 0.01 -0.02 -0.03 -0.01 0.04 0.08 0.01
GBM-Stack 0.02 -0.00 0.03 -0.02 -0.02 0.02 001 007 o0.01
KNN 0.14 0.16 0.13 0.18 0.17 0.09 0.10 0.11 0.13
LR 004 000 -0.00 0.14 0.11 0.12 0.00 0.08 0.06
LR-Stack 0.10 0.02 0.01 0.01 -0.02 0.09 0.01 006 0.04
NB 021 0.16 014 021 023 023 0.15 0.13 0.18
NNET 006 007 011 0.16 0.12 0.10 0.14 0.14 0.11
RF 0.10 0.07 007 0.09 0.10 0.08 0.05 0.13 0.09
RLR 0.04 -0.00 -0.00 0.12 0.11 0.10 0.01 0.08 0.06
SC 001 007 006 0.02 003 0.06 -000 007 0.04
SL 0.01 0.01 0.00 -0.01 -0.03 -0.01 -0.01 0.06 0.00
SVM 006 001 -0.03 0.02 0.03 -0.02 0.05 010 0.03
Twang-GBM | 0.00 0.07 0.00 0.00 -0.02 0.03 -0.03 0.07 0.02
True PS 002 023 0.11 0.15 030 0.14 0.15 021 0.16

Table 118: (n=2000) Pearson correlations of ASAM and ATE estimates across different learners.
Correlations are calculated for each of the m=1000 data sets using the absolute ATE estimation
error and the ASAM from LR-Stack, GBM-Stack, SL, LR, RLR, NNET, AVNNET and Twang-
GBM, respectively. The average of the correlations in the m =1000 data sets is reported for each
scenario.

A B C D E F G H Mean
-1.2| 0.03 0.01 0.06 0.04 -0.02 0.06 0.05 0.01 0.03
-1.0 | 0.02 0.02 0.05 0.07 -0.01 0.05 0.04 0.03 0.03
-0.8 | 0.01 0.02 0.04 008 0.01 0.07 0.04 0.04 0.04
-0.6 | 0.01 0.03 0.04 0.12 0.03 0.08 0.03 0.04 0.05
-04 | 0.04 005 0.04 0.15 0.07 007 0.04 0.05 0.06
04 |-0.00 008 003 0.16 0.08 0.09 002 0.08 0.07
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Table 119: (n=2000) Pearson correlations of ASAM,,,; and ATE estimates across different
learners. Correlations are calculated for each of the m=1000 data sets using the absolute ATE
estimation error and the ASAM,,,,; (confounders only) from LR-Stack, GBM-Stack, SL, LR,
RLR, NNET, AVNNET, and Twang-GBM, respectively. The average of the correlations in the
m =1000 data sets is reported for each scenario.

A B C D E F G H Mean
-1.2 |1 0.04 0.02 0.06 0.03 -0.04 003 005 0.01 0.02
-1.0 | 0.03 0.01 0.05 0.05 -0.02 0.02 0.04 0.02 0.03
-0.8 1002 0.02 0.04 006 001 005 0.05 0.03 0.03
-0.6 | 002 0.03 0.03 0.10 0.03 005 005 0.03 0.04
-04 1002 005 0.05 0.13 0.06 004 0.04 0.05 0.06
+0.4 | 0.01 008 004 0.13 0.10 0.05 0.03 0.07 0.07

Table 120: (n=2000) Pearson correlations of ASAM and ATE estimates across different learners.
Correlations are calculated for each of the m=1000 data sets using the absolute ATE estimation
error and the ASAM from LR-Stack, GBM-Stack, SL, LR, RLR, NNET, AVNNET, Twang-
GBM and the two models KNN and BAG-CART, respectively. The average of the correlations
in the m =1000 data sets is reported for each scenario.

A B C D E F G H Mean
-1.2 1041 049 040 045 046 048 043 041 044
-1.0 {044 049 042 043 046 047 043 044 045
-0.8 | 047 049 042 044 047 048 043 043 045
-0.6 | 051 050 044 046 048 050 044 045 047
-04 1052 052 045 048 049 051 045 046 048
+0.4 1055 058 052 053 054 053 053 050 0.53
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Table 121: (n=2000) Pearson correlations between the ASAM values and the absolute ATE
estimation errors over m=1000 simulations of each model within each scenario (A-H).

A B C D E F G H Mean
AVNNET -0.07 005 0.07 0.05 0.07 011 0.04 006 0.05
BAG-CART | 0.19 028 0.15 0.19 025 020 0.15 025 0.21
BOOSTLR 023 0.17 0.17 0.19 025 0.19 0.18 027 0.21
GBM -0.08 001 0.07 0.01 0.03 007 005 0.03 0.03
GBM-Stack | -0.05 0.02 0.05 0.01 0.01 0.07 0.00 005 0.02
KNN 0.16 0.18 0.10 021 0.16 0.12 0.14 021 0.16
LR -0.05 0.01 0.02 0.16 0.05 0.11 0.03 0.10 0.06
LR-Stack 0.02 0.01 007 0.09 -0.00 0.16 -0.02 0.06 0.05
NB 0.17 024 0.07 027 0.17 023 022 025 0.20
NNET -0.05 0.12 0.12 0.07 0.17 019 0.14 0.12 0.11
RF -0.01 0.08 0.14 0.04 0.05 0.11 0.08 0.07 0.07
RLR -0.06 001 0.02 0.14 0.04 010 0.03 0.09 0.05
SC 0.02 0.06 -0.01 0.05 006 009 0.00 0.01 0.03
SL -0.05 000 005 0.02 0.00 006 000 0.03 0.01
SVM -0.03 -0.00 0.03 0.02 0.03 0.08 001 004 0.02
Twang-GBM | -0.04 0.03 0.03 0.02 -0.02 0.05 0.00 0.03 0.01
True PS -0.06 0.03 0.04 -0.02 -0.04 0.01 0.01 0.01 -0.00

Table 122: (n=2000) Average of the number of variables with an ASAM greater than 0.2 over
m=1000 simulations in each Scenario (A-H). .

A B C D E F G H | Mean
GBM-Stack | 1.270 | 1.173 | 1.373 | 1.609 | 1.345 | 1.360 | 1.286 | 1.338 | 1.344
LR-Stack 1.489 | 1.366 | 1.756 | 1.908 | 1.441 | 1.730 | 1.693 | 1.533 | 1.615
True PS 0.841 | 0932 | 1.356 | 1.578 | 1.322 | 1.471 | 1.506 | 1.573 | 1.322
LR 1.348 | 1.597 | 0.976 | 2.994 | 2.559 | 1.736 | 0.816 | 2.109 | 1.767
NNET 1.276 | 1.526 | 1.890 | 2.280 | 1.897 | 2.409 | 1.926 | 2.493 | 1.962
AVNNET 1.282 | 1.219 | 1.208 | 2.100 | 1.489 | 1.772 | 1.198 | 1.754 | 1.503
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Table 123: (n=1000) Pearson correlations of ASAM and ATE estimates across different learners.
Correlations are calculated for each of the m=1000 data sets using the absolute ATE estimation
error and the ASAM from LR-Stack, GBM-Stack, SL, LR, RLR, NNET, AVNNET and Twang-
GBM, respectively. The average of the correlations in the m =1000 data sets is reported for each

scenario.

A B C D E F G H Mean
-1.2 1 0.04 0.07 0.11 0.08 0.04 0.06 0.07 007 0.07
-1.0 | 0.04 0.07 0.11 0.12 0.04 0.09 0.10 0.06 0.08
-0.8 | 005 008 0.10 0.12 0.06 0.08 0.12 0.08 0.09
-0.6 | 0.06 0.07 0.10 0.14 0.09 0.09 0.11 0.09 0.09
-04 |0.04 0.07 0.13 0.14 008 0.09 0.11 0.11 0.10
+0.4 | 0.05 0.11 0.12 0.20 0.13 0.10 0.10 0.14 0.12

Table 124: (n=1000) Pearson correlations of ASAM,,,s and ATE estimates across different
learners. Correlations are calculated for each of the m=1000 data sets using the absolute ATE
estimation error and the ASAM,,,s (confounders only) from LR-Stack, GBM-Stack, SL, LR,
RLR, NNET, AVNNET, and Twang-GBM, respectively. The average of the correlations in the
m =1000 data sets is reported for each scenario.

A B C D E F G H Mean
-1.2 1002 004 0.09 0.06 001 0.02 0.07 0.03 0.04
-1.0 1 0.03 0.04 0.09 0.09 001 005 0.10 0.03 0.05
-0.8 | 0.04 006 0.08 0.10 0.04 0.04 0.10 0.04 0.06
-0.6 | 004 004 0.10 0.12 0.06 0.04 0.09 0.05 0.07
-04 | 005 003 0.12 0.13 0.05 0.03 0.09 0.07 0.07
+0.4 | 0.06 0.08 0.10 0.17 0.09 0.05 0.08 0.12 0.09

Table 125: (n=1000) Pearson correlations of ASAM and ATE estimates across different learners.
Correlations are calculated for each of the m=1000 data sets using the absolute ATE estimation
error and the ASAM from LR-Stack, GBM-Stack, SL, LR, RLR, NNET, AVNNET, Twang-
GBM and the two models KNN and BAG-CART, respectively. The average of the correlations
in the m =1000 data sets is reported for each scenario.
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A B C D E F G H Mean
-1.2 1034 040 038 032 036 035 034 031 0.35
-1.0 1 038 040 0.38 032 035 036 038 033 0.36
-0.8 |1 041 041 040 034 037 036 039 037 0.38
-0.6 | 044 042 043 037 038 037 039 039 040
-04 1047 042 044 039 040 040 042 041 042
+0.4 | 0.55 0.51 050 049 048 046 051 047 0.50
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Table 126: (n=1000) Pearson correlations between the ASAM values and the absolute ATE
estimation errors over m=1000 simulations of each model within each scenario (A-H).

A B C D E F G H Mean
AVNNET 0.01 023 022 020 027 024 007 022 0.18
BAG-CART | 0.29 032 024 020 032 021 025 027 0.26
BOOSTLR 025 0.19 022 023 026 021 024 030 0.24
GBM 0.03 0.05 0.08 006 0.06 005 005 0.04 0.05
GBM-Stack | -0.01 0.00 0.05 0.01 0.04 0.04 0.01 002 0.02
KNN 0.18 0.19 0.12 0.18 0.18 0.17 0.19 023 0.18
LR 0.02 0.00 -0.02 0.12 0.13 0.11 0.03 0.06 0.06
LR-Stack 0.01 0.01 0.09 009 021 0.13 0.04 002 0.07
NB 0.17 0.17 0.06 0.19 021 0.16 0.14 0.14 0.15
NNET 0.01 023 0.6 0.17 020 025 0.12 021 0.17
RF -0.01  0.07 0.17 0.07 0.12 0.05 0.07 0.11 0.08
RLR -0.01 -0.01 -0.03 0.09 0.09 0.09 0.01 0.04 0.04
SC 0.03 0.07 0.01 0.10 0.01 0.05 -0.02 0.05 0.04
SL -0.04 001 -0.02 0.01 0.05 002 -0.01 0.03 0.01
SVM 0.03 0.02 -0.00 0.04 0.08 0.04 -0.01 005 0.03
Twang-GBM | -0.01 0.04 0.00 0.06 -0.00 0.03 -0.02 0.06 0.02
True PS -0.01 020 0.12 0.04 023 020 0.14 030 0.15
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13. AprPenDIX B - PSY 101-Data ANALYSIS

13.1. Psy 101 — DATA DESCRIPTION

Table 135: Variable description for the PSY 101 course data.

Variable Label Class Description

Outcome Variable

Grade Pass 1832 (84.3%) Pass at C- cutoff, and
DFW 341 (15.7%) fail DFW.

Categorical Variables

Course number 22811 -0 245 (11.3%) Number of the course.
22812 -1 497 (22.9%)
22868 -2 271 (12.5%)
22869 - 3 485 (22.3%)
22942 - 4 186  (8.6%)
22943 -5 489 (22.5%)

Period 2015-0 742 (34.1%) The period when the
2016 -1 746 (34.3%) student took the course.
2017 -2 675 (31.6%)

Entry Term 2013 -0 124 (5.7%) Year first attendance in any
2014 -1 322 (14.8%) term of the regular sessions
2015-2 761 (35%) at the reporting California
2016 -3 646 (30%) State University.
2017 - 4 320 (14.7%)

URM No-0 1414 (65.1%) Underrepresented Minority
Yes - 1 759 (34.9%)

Gender Female - 0 1403 (64.6%) Self-identified gender.
Male - 1 770  (35.4%)

Parent 1 NoHighSchool - 0 94  (4.3%) Highest education of

Education SomeHighSchool - 1 105  (4.8%) first parent.
HSGraduate - 2 340 (15.6%)
SomeCollege - 3 370 (17%)
2YearCollege - 4 150  (6.9%)
4YearCollege - 5 712 (32.8%)
Postgraduate - 6 340 (15.6%)
Unknown - 7 87 (4%)

Students self-report their demographic information when they apply to SDSU. This includes
gender, where 64.6% were identified as female and 35.4% were identified as male. The variables
Parent 1 Education and Parent 2 Education indicate the highest education of both parents. We
have 10% of the students that have the military indicator, which includes a verified or self-
reported student that has been on active duty in the U.S. military and a student dependent of
a U.S. active-duty service member. There are 32.8% of students that graduated from a school
that is inside SDSU’s service area. County reflects student’s Institution of origin county, where
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Variable Label Class Description
Categorical Variables

Parent 2 NoHighSchool - 0 108 (5%) Highest education of
Education SomeHighSchool - 1 98  (4.5%) second parent.
HSGraduate - 2 351 (16.2%)
SomeCollege - 3 386 (17.8%)
2YearCollege - 4 151  (6.9%)
4YearCollege - 5 646 (29.7%)
Postgraduate - 6 277 (12.7%)
Unknown - 7 156  (7.2%)
Military Yes - 0 224 (1.0%) Has had active duty or
No-1 1949 (99%) dependent.
In Service Area Yes -0 712 (32.8%) Graduated from a school
No-1 1461 (67.2%) thatis inside SDSU’s area.
County Name  Los Angeles - 0 210 (10%) Institution of Origin County.
Orange - 1 138  (6.4%)
Others California - 2 605 (27.8%)
Out of State - 3 317 (14.6%)
Riverside - 4 101 (4.6%)
San Diego - 5 802 (36.9%)
HS Grad Year 2013-0 163 (7.5%) Year student graduated from
2014 -1 334 (15.4%) High School.
2015-2 746  (34.3%)
2016 -3 621 (28.6%)
2017 -4 309 (14.2%)
AP Calculus Attend Fail - 0 199 (9.2%) Advanced placement
Attend Success - 1 236 (10.9%) examination Calculus.
Non Attend - 2 1738 (79.9%)
AP Statistics Attend Fail - O 129  (5.9%) Advanced placement
Attend Success - 1 137  (6.3%) examination Statistics.
Non Attend - 2 1907 (87.8%)
AP Chemistry  Attend - 0 120 (5.5%) Advanced placement
Non Attend - 1 2053 (94.5%) examination Chemistry.
AP Biology Attend Fail - 0 103 (4.7%) Advanced placement
Attend Success - 1 138  (6.3%) examination Biology.
Non Attend - 2 1932 (89%)

36.9% are from San Diego. Student’s age has a mean of 18.11 years with a standard deviation
of 1.25

The term when the student started at SDSU (Entry Term) ranges from 2013 to 2017. We
merged the years from 2009 and 2012 into 2013 to prevent near-zero variance variables. The
years that the students graduated from high school (HS Grad Year) go from 2013 to 2017, but
again we merged the years before 2013 since they did not have many observations. The AP
course variables (AP Calculus, AP Statistics, AP Chemistry, AP Biology, AP English Language,
AP Literature) indicate if a student took that Advanced Placement course and then whether they
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Variable Label Class Description
Categorical Variables

AP English Attend Fail - O 257 (11.8%) Advanced placement
Language Attend Success - 1 398 (18.3%) examination English
Non Attend - 2 1518 (69.9%) Language.
AP English Attend Fail - 0 250 (11.5%) Advanced placement
Literature Attend Success - 1 268 (12.3%) examination English
Non Attend - 2 1655 (76.2%) Literature.
Fall Both No-0 204  (9.4%) Proficient Math and
Yes - 1 1969 (90.6%) English by beginning
of first Fall.
HS Math No-0 186  (8.6%) Proficient in Math
Yes - 1 1987 (91.4%) by end of HS.
HS English No-0 138 (6.4%) Proficient in English
Yes - 1 2035 (93.6%) by end of HS.
Compact Yes -0 273 (12.6%) Compact Scholars
No-1 1900 (87.4%) program participant.
EOP Yes - 0 176 (9%) Education Opportunity
No-1 1997 (91%) Program.
FAST Yes - 0 124 (5.7%) FAST program.
No-1 2049 (94.3%) participant
Res Learning No -0 1628 (74.9%) Residential Learning
Community  Yes - 1 545 (25.1%) Community program.
Term 1 SIMS  Arts & Letters - 0 90 (4.1%) College assigned in
College Business - 1 204 (9.4%) term 1.
Education - 2 102 (4.7%)
Engineering - 3 173 (8%)
Health &

Human Services - 4 547 (25.2%)
Professional Studies

& Fine Arts - 5 193  (8.9%)
Sciences - 6 573 (26.4%)
UG Studies - 3 291 (13.3%)

scored a 3 or above on the AP exam for that course. About 91.4% of students were proficient in
math by the end of high school (HS Math), about 93.6% were proficient in English (HS English),
and about 90.6% of students were proficient in both English and Math by the beginning of the
first fall (Fall Both). The mean of the incoming GPA is 3.67, with a standard deviation of 0.29.
Students either took the SAT test, ACT test, or both SAT and ACT test. Therefore, the SAT
variable contains the maximum of either the received scores on the SAT test or the converted
score of the ACT test. The transferable units earned at colleges (Incoming Units) for transfer
students has a mean of 9.24 with a standard deviation of 13.04. The number of units enrolled
(EOT Term Units Enroll) has a mean of 15.06 and a standard deviation of 1.78. And the mean
for the number of units earn (EOT Term Units Earn) after the respective fall semester was done
is 11.85 with a standard deviation of 2.63. Units earned in PSY 101 were not included in the
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Variable Label Class Description
Categorical Variables

Term1 Pre Major Major - 0 298 (13.7%) Studentis a
Status Pre Major - 1 1875 (86.3%) premajor.
Term1 Housing  Housing - 0 1586 (73%) Student resided in
Non Housing - 1 587 (27%) campus residence.
SI No-0 1262 (58.1%) Supplemental
Yes - 1 911 (41.9%) Instruction.
Continuous Variables
Variable mean sd Description
Age Age Year 18.11 1.25 Age in years.
SAT Comp Conv  SAT CompConv 1138.07 134.49 Combined SAT
Verbal and Math.
Incoming GPA Incoming GPA 3.67 0.29 GPA for admission
California State.
Incoming Units  Incoming Units 9.24 13.04 Transferable units

earned at colleges.
EOT Term Units EOT]1 UnitsEnroll 15.06 1.78 Number of units

Enroll enrolled.
EOT Term Units EOT1 UnitsEarn 11.85 2.63 Number of units
Earn earned.

We divide the data into response, categorical, and continuous variables. For the
categorical variables we present the number of students and in parenthesis
percentage break down of each category. For the continuous variables we provide
the mean and the standard deviation.

Term Units Earn variable. The college where each student was assigned in term 1 (Term 1
SIMS College) has ten categories, where the majority of the observations are 26.4% and 25.2%
for Sciences and Human Services, respectively.

The Equal Opportunity Program (EOP) is for first-generation and low-income students,
mostly from underrepresented minority (URM) groups, and it includes about 9% of the stu-
dents. It provides academic, financial, and counseling support with an eye on student success
and retention. The URM is defined by the CSU system as students who are Black/ African-
American, Latino/Hispanic, and American Indian/Native American, 34.9%. The Compact for
Success scholarship program has about 12.6% of the students. It is a program created to pro-
vide students the required Math and English skills needed to succeed in college. These students
start in 7th grade and continue until they graduate high school to participate in activities that
will prepare them. This program also aims to improve retention of students. About 5.7% of
the students are participants in the Freshmen academic success track (FAST). This program,
offered in the summer prior to entering SDSU, places freshmen admitted to the university who
have been placed in a Written Communication course with additional academic support. Around
25.1% students are participants of the residential learning community program (Res Learning
Community).
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13.2. PSY 101 — CoOVARIATE BALANCE

In the unweighted data, there were eight covariates with standardized mean differences greater
than 0.10: Entry Term (0.158), HS GradYr (0.158), County Name (0.153), Gender (0.146), Par-
ent2 Edu (0.137), Compact (0.112), FAST (0.104) and Schnum (0.10). Further, 12 covariates
had standardized mean differences between 0.10 and 0.05, and the remaining covariates lower
than 0.05. The average of the standardized absolute mean differences (ASAM) over the 33 co-
variates in the unweighted data was 0.066. Using IPTW weights with the GBM-Stack estimated
propensity scores substantially reduced the smd in the covariates. After weighting, only one
covariate, Parent2 Education (0.100), had standardized mean difference greater or equal than
0.1. Nine covariates were between 0.1 and 0.05, leading to an overall ASAM (including all 33
covariates) of 0.040. Table B.136 and Table B.140 present the standardized differences of all
covariates between the treatment SI attendance group and the control group before and after
weighting.

None of the six continuous covariates had unweighted standardized mean difference greater
than 0.1, and also the quadratic and cubic terms were lower than 0.1 before weighting, with an
average of 0.034 and 0.043, respectively. Weighting slightly reduced the averaged standardized
mean difference of the quadratic and cubic terms of the continuous covariates to an average
of 0.031 and 0.037, respectively. All values are compared in Table B.141. Unweighted, the
mean Kolmogorov-Smirnov statistics (K-S) across all covariates was 0.0154, with a maximum
at 0.0696, which could both be decreased by weighting. After weighting, a mean K-S of 0.0104
was obtained, averaged over all covariates. The maximum K-S was 0.0483 for the combined
SAT score covariate. The detailed K-S statistics for all covariates are given in Table B.143, with
a summary in Table B.142.

The weight distributions (computed through Formula 3, Section 2.1) were well centered
between 1 and 2, with maxima weights below 10 in both groups. The weights in the treatment
group were slightly higher compared to the control group (Table B.146). The overall relatively
low weights show that no observations overly impact the treatment effect estimation due to large
weights.

The comparisons show that there was moderate imbalance in the data before weighting,
which could be diminished by IPTW, using our GBM-Stack estimated propensity scores. For
the purpose of our study, we are confident about the balance in the data after weighting. Franklin
et al. (2014) propose a post-matching or post-weighting C-statistic as a balance score which
could be additionally evaluated if the balance of the data set is not as clear.
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Table 136: Standardized mean differences of the covariates, stratified by the treatment variable
SI attendance. For categorical variables quantity and (proportion in %) is listed for each label
in each group. For binary variables we just indicate one label. For numerical variables the

stratified mean and (sd) is listed.

182

NO YES SMD
Count 1262 911
Schnum (%) 0.100
22811 157 (12.4) 88 (9.7)
22812 286 (22.7) 211 (23.2)
22868 154 (12.2) 117 (12.8)
22869 283 (22.4) 202 (22.2)
22942 110 (8.7) 76 (8.3)
22943 272 (21.6) 217 (23.8)
period (%) 0.052
20154 443 (35.1) 299 (32.8)
20164 437 (34.6) 319 (35.0)
20174 382 (30.3) 293 (32.2)
Entry Term (%) 0.158
20134 74 (5.9) 50 (5.5)
20144 194 (15.4) 128 (14.1)
20154 464 (36.8) 297 (32.6)
20164 372 (29.5) 274 (30.1)
20174 158 (12.5) 162 (17.8)
URM Desc = Underrepresented (%) 443 (35.1) 316 (34.7) 0.009
Gender Desc = Male (%) 484 (38.4) 286((31.4) 0.146
Parent1 Edu Desc (%) 0.089
2-Year College Grad (5) 83(6.6) 67 (7.4)
4-Year College Grad (6) 412 (32.6) 300 (32.9)
HS Graduate (3) 206 (16.3) 134 (14.7)
No High School (1) 55(4.4) 39 (4.3)
Others Unknown 50 (4.0) 37 (4.1)
Postgraduate (7) 185 (14.7) 130 (14.3)
Some College (4) 204 (16.2) 166 (18.2)
Some High School (2) 67 (5.3) 38 (4.2)
Parent2 Edu Desc (%) 0.137
2-Year College Grad (5) 88 (7.0 63(6.9)
4-Year College Grad (6) 368 (29.2) 278 (30.5)
HS Graduate (3) 207 (16.4) 144 (15.8)
No High School (1) 72 (5.7) 36 (4.0)
Others Unknown 97 (7.7) 59 (6.5)
Postgraduate (7) 148 (11.7) 129 (14.2)
Some College (4) 218 (17.3) 168 (18.4)
Some High School (2) 64 (5.1) 34 (3.7)
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Table 138: Standardized mean differences of the covariates, stratified by the treatment variable
SI attendance. For categorical variables quantity and (proportion in %) is listed for each label
in each strata. For binary variables we just indicate one label. For numerical variables the
stratified mean and (sd) is listed.
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Age Year (mean (sd)) 18.10 (1.12) 18.11 (1.41) 0.008
Military Desc = Not Military (%) 1128 (89.4) 821 (90.1) 0.024
In Service Area = Non-Local (%) 833 (66.0) 628 (68.9) 0.063
County Name (%) 0.153
LosAngeles 122 (9.7) 88 (9.7)
Orange 62 (4.9) 76 (8.3)
Others California 348 (27.6) 257 (28.2)
Out of State 181 (14.3) 136 (14.9)
Riverside 61 (4.8) 40 (4.4)
SanDiego 488 (38.7) 314 (34.5)
HS GradYr (%) 0.158
2013 93(7.4) 70 (7.7)
2014 202 (16.0) 132 (14.5)
2015 457 (36.2) 289 (31.7)
2016 357 (28.3) 264 (29.0)
2017 153 (12.1) 156 (17.1)
SAT CompConv (mean (sd)) 1142.69 (134.61) 1131.68 (134.14) 0.082
AP CalculusAB (%) 0.067
attend fail 114 (9.0) 85(9.3)
attend success 148 (11.7) 88 (9.7)
Non attend 1000 (79.2) 738 (81.0)
AP Statistics (%) 0.075
attend fail 70 (5.5) 59 (6.5)
attend success 88 (7.0 49 (5.4)
Non attend 1104 (87.5) 803 (88.1)
AP Chemistry = Non attend (%) 1193 (94.5) 860 (94.4) 0.006
AP Biology (%) 0.078
attend fail 60 (4.8) 43 (4.7)
attend success 90 (7.1) 48 (5.3)
Non attend 1112 (88.1) 820 (90.0)
AP English Lang Comp (%) 0.025
attend fail 146 (11.6) 111 (12.2)
attend success 235 (18.6) 163 (17.9)
Non attend 881 (69.8) 637 (69.9)
AP English Lit Comp (%) 0.038
attend fail 139 (11.0) 111 (12.2)
attend success 155 (12.3) 113 (12.4)
Non attend 968 (76.7) 687 (75.4)
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Table 139: Standardized mean differences of the covariates, stratified by the treatment variable
SI attendance. For categorical variables quantity and (proportion in %) is listed for each label
in each strata. For binary variables we just indicate one label. For numerical variables the
stratified mean and (sd) is listed.
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Incoming GPA (mean (sd)) 3.66 (0.29) 3.68 (0.29) 0.069
Incoming Units (mean (sd)) 9.42 (12.58) 8.99 (13.65) 0.033
Fall BothProficient = 1 (%) 1147 (90.9) 822 (90.2) 0.022
HS MathProficient = 1 (%) 1164 (92.2) 823 (90.3) 0.067
HS EnglishProficient = 1 (%) 1191 (94.4) 844 (92.6) 0.070
Compact = Not Compact Scholar (%) 1084 (85.9) 816 (89.6) 0.112
EOP Desc = Not EOP (%) 1158 (91.8) 839 (92.1) 0.012
FAST Desc = Not FAST (%) 1203 (95.3) 846 (92.9) 0.104
Res Learning Community = Res Learning (%) 311 (24.6) 234 (25.7) 0.024
Term1 SIMSCollege Desc (%) 0.079

Arts and Letters 53(4.2) 37(4.1)

Business 128 (10.1) 76 (8.3)

Education 54 (4.3) 48 (5.3)

Engineering 102 ( 8.1) 71(7.8)

Health and Human Services 313 (24.8) 234 (25.7)

Professional Studies and Fine Arts 112 ( 8.9) 81 (8.9

Sciences 334 (26.5) 239 (26.2)

UG Studies 166 (13.2) 125 (13.7)
Term1 PreMajorStatus Desc = Pre Major (%) 1093 (86.6) 782 (85.8) 0.022
Term1 Housing Desc = Non-Housing (%) 360 (28.5) 227 (24.9) 0.082
EOT1 TermUnitsEnroll (mean (sd)) 15.07 (1.76) 15.06 (1.81) 0.001
EOT1 TermUnitsEarn (mean (sd)) 11.82 (2.77) 11.88 (2.43) 0.023
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Table 140: Standardized mean differences between covariates in the PSY 101 data stratified by
the treatment variable SI attendance. Unweighted smd and the smd resulting from IPTW with
GBM-Stack estimated propensity scores are presented. Results are ranked on the smd in the
unweighted data set.

Covariate Unweighted smd | GBM-Stack
Entry Term 0.158 0.041
HS Grad Yr 0.158 0.054
County Name 0.153 0.096
Gender Desc 0.146 0.049
Parent2 Edu Desc 0.137 0.100
Compact Desc 0.112 0.065
FAST Desc 0.104 0.047
schnum 0.100 0.091
Parent] Edu Desc 0.089 0.077
SAT CompConv 0.082 0.083
Term1 Housing Desc 0.082 0.048
Term1 SIMSCollege Desc 0.079 0.039
AP Biology 0.078 0.052
AP Statistics 0.075 0.066
HS EnglishProficient 0.070 0.042
Incoming GPA 0.069 0.020
HS MathProficient 0.067 0.030
AP CalculusAB 0.067 0.047
In Service Area Desc 0.063 0.032
period 0.052 0.062
AP English Lit Comp 0.038 0.024
Incoming Units 0.033 0.014
AP English Lang Comp 0.025 0.018
Military Desc 0.024 0.009
Res Learning Community 0.024 0.022
EOT1 TermUnitsEarn 0.023 0.029
Fall BothProficient 0.022 0.002
Term1 PreMajorStatus Desc 0.022 0.027
EOP Desc 0.012 0.018
URM Desc 0.009 0.003
Age Year 0.008 0.019
AP Chemistry 0.006 0.009
EOT1 TermUnitsEnroll 0.001 0.011
Average 0.066 0.040
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Table 141: Standardized mean differences between the squared terms of continuous covariates
(smdQ2) and the cubic terms (smdQ3). Results are ranked on the smd of quadratic terms of
the unweighted continous covariates.

Variable Unw. (smdQ?2) | GBM-Stack (Q2) | Unw. (smdQ3) | GBM-Stack (Q3)
SAT Q2 0.083 0.086 0.083 0.089
Inc GPA Q2 0.072 0.022 0.075 0.023
Inc Units Q2 0.021 0.027 0.040 0.040
Age Q2 0.017 0.030 0.027 0.040
EOT Earn Q2 0.006 0.004 0.026 0.013
EOT Enroll Q2 0.003 0.015 0.006 0.019
Average 0.034 0.031 0.043 0.037

Table 142: Summary of the Kolmogorov-Smirnoff test statistics to measure the difference of
the empirical CDF’s of the treatment and control group in the PSY101 data. GBM-Stack
represents the ks-statistic in the weighted data using GBM-Stack estimated propensity scores.

Variable | Unweighted | GBM-Stack
mean K-S 0.0155 0.0104
max K-S 0.0696 0.0483
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Table 143: Kolmogorov-Smirnoff test statistics listed for each continuous variable and each
category for categorical variables to measure the difference of the empirical CDF’s of the treat-
ment and control group in the PSY101 data.
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Unweighted | GBM Stack
schnum 22811 0.028 0.015
schnum 22812 0.005 0.014
schnum 22868 0.006 0.017
schnum 22869 0.003 0.009
schnum 22942 0.004 0.014
schnum 22943 0.023 0.011
period 20154 0.023 0.001
period 20164 0.004 0.026
period 20174 0.019 0.024
Entry Term:20134 0.004 0.001
Entry Term:20144 0.013 0.002
Entry Term:20154 0.042 0.012
Entry Term:20164 0.006 0.019
Entry Term:20174 0.053 0.003
URM 0.004 0.001
Gender 0.070 0.023
Parent]l Edu: 2-Year College Grad (5) 0.008 0.009
Parentl Edu: 4-Year College Grad (6) 0.003 0.008
Parent1 Edu: HS Graduate (3) 0.016 0.013
Parentl Edu: No High School (1) 0.001 0.001
Parent]l Edu: Others Unknown 0.001 0.001
Parent] Edu: Postgraduate (7) 0.004 0.011
Parent] Edu: Some College (4) 0.021 0.016
Parent] Edu: Some High School (2) 0.011 0.007
Parent2 Edu: 2-Year College Grad (5) 0.001 0.000
Parent2 Edu: 4-Year College Grad (6) 0.014 0.017
Parent2 Edu: HS Graduate (3) 0.006 0.005
Parent2 Edu: No High School (1) 0.018 0.014
Parent2 Edu: Others Unknown 0.012 0.009
Parent2 Edu: Postgraduate (7) 0.024 0.009
Parent2 Edu: Some College (4) 0.012 0.012
Parent2 Edu: Some High School (2) 0.013 0.010
Age Year 0.014 0.015
Military 0.007 0.003
In Service Area 0.029 0.015
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Table 144: Follow-up: Kolmogorov-Smirnoff test statistics listed for each continuous variable
and each category for categorical variables to measure the difference of the empirical CDF’s of
the treatment and control group in the PSY 101 data.

Unweighted | GBM Stack
County Name: LosAngeles 0.000 0.002
County Name: Orange 0.034 0.021
County Name: Others California 0.006 0.008
County Name: Out of State 0.006 0.002
County Name: Riverside 0.004 0.001
County Name: SanDiego 0.042 0.027
HS GradYr: 2013 0.003 0.005
HS GradYr: 2014 0.015 0.002
HS GradYr: 2015 0.045 0.016
HS GradYr: 2016 0.007 0.020
HS GradYr: 2017 0.050 0.008
SAT CompConv 0.039 0.048
AP CalculusAB attend fail 0.003 0.007
AP CalculusAB attend success 0.021 0.013
AP CalculusAB Non attend 0.018 0.007
AP Statistics attend fail 0.009 0.012
AP Statistics attend success 0.016 0.011
AP Statistics Non attend 0.007 0.001
AP Chemistry 0.001 0.002
AP Biology attend fail 0.000 0.000
AP Biology attend success 0.019 0.013
AP Biology Non attend 0.019 0.012
AP English Lang Comp attend fail 0.006 0.004
AP English Lang Comp attend success 0.007 0.005
AP English Lang Comp Non attend 0.001 0.001
AP English Lit Comp attend fail 0.012 0.007
AP English Lit Comp attend success 0.001 0.001
AP English Lit Comp Non attend 0.013 0.009
Incoming GPA 0.068 0.042
Incoming Units 0.043 0.030
Fall BothProficient 0.007 0.000
HS MathProficient 0.019 0.008
HS EnglishProficient 0.017 0.010
Compact 0.037 0.021
EOP 0.003 0.005
FAST 0.025 0.011
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Table 145: Follow-up: Kolmogorov-Smirnoff test statistics listed for each continuous variable
and each category for categorical variables to measure the difference of the empirical CDF’s of
the treatment and control group in the PSY 101 data.

Unweighted | GBM Stack
Res Learning Community 0.010 0.010
Term1 SIMSCollege: Arts & Letters 0.001 0.000
Term1 SIMSCollege: Business 0.018 0.006
Term1 SIMSCollege: Education 0.010 0.002
Term1 SIMSCollege: Engineering 0.003 0.001
Term1 SIMSCollege: Health & Human Services 0.009 0.006
Term1 SIMSCollege: Professional Studies & Fine Arts 0.000 0.004
Term1 SIMSCollege: Sciences 0.002 0.012
Term1 SIMSCollege: UG Studies 0.006 0.006
Term1 PreMajorStatus 0.008 0.009
Term1 Housing 0.036 0.021
EOT1 TermUnitsEnroll 0.019 0.015
EOT1 TermUnitsEarn 0.030 0.027

Table 146: Summary of the computed IPTW ATE weights based on GBM-Stack estimated
propensity scores in the PSY 101 data grouped by SI attendance.

Attend SI | Min. | 1st Qu. | Median | Mean | 3rd Qu. | Max.
NO 1.16 1.55 1.73 1.80 1.93 4.40
YES 1.27 1.95 2.29 2.40 2.69 5.12
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