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ABSTRACT

HOW A SUPPRESSOR VARIABLE AFFECTS THE ESTIMATION OF CAUSAL
EFFECT: EXAMPLES OF CLASSICAL AND RECIPROCAL SUPPRESSIONS

By

Yun-Jia Lo

In educational research, a randomized controlled trial is the best design to
eliminate potential selection bias in a sample to support valid causal inferences, but it is
not always possible in educational research because of financial, ethical, and logistical
constraints. One alternative solution is use of the propensity score (PS) methods.
However, the bias and variance of the estimated causal effect can depend strongly on
which covariates are included in the PS model of assignment to treatment. This study uses
two simulated examples to understand how inclusion or exclusion of a classical or
reciprocal suppressor, improving the R2 in the regression model, affect the estimations of
causal effect by using regression, PS as a covariate, PS weighting, and PS matching
methods. An additional condition of adding different covariates, P’s, is also tested in all
methods where P’s explain the variance of outcome in different levels to approximate
unconfoundedness. Findings indicate that both classical and reciprocal suppressors
increase the predictive power of the treatment effects and influence the estimations of the
treatment effects regardless in regression or PS methods without controlling any P.
Although the impacts of the suppressors vary by different types of models applied, the
strong-enough covariates, P’s, can eliminate the impact of suppressors in all models. With

the stronger P’s applied, the estimates of standard error only decline by using the



regression models, but are quite consistent in the example of classical suppression and

slightly increase in the example of reciprocal suppressions by using the PS models.
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Chapter 1
INTRODUCTION

In educational research, many questions depend on understanding the causal
effects of programs or policies based on the Rubin Causal Model (Rubin, 1974).
Although a randomized controlled trial (RCT) is the best design to eliminate potential
selection bias in the sample in order to allow for valid causal inferences to be made, RCT
design is not always possible in educational research because of financial, ethical, and
logistical issues. One alternative method that can be used to approximate randomized
assignment and to overcome potential selection bias is the propensity score (PS) method.
The definitions of causal effect and causal inference are in Appendix B.

Propensity Score methods were introduced by Rosenbaum and Rubin (1983a) and
have become one of the standard techniques for controlling confounding in non-
experimental studies. The PS is defined as the probability of receiving a treatment.
However, in empirical studies, the true PS’s are always difficult or impossible to obtain.
It is always given by an estimated probability of receiving a treatment by using a logistic
regression model, controlling for a set of observed variables. PS methods adjust the
known PS’s in the models to reduce selection bias and to estimate causal effects. In
observational studies, there may be a wide range of variables in the data that are related
to the dependent variable, the treatment indicator, or both of them; all of which can be
possible covariates to estimate PS’s (see Appendix B for the definition of covariate).
However, the bias and variance of the estimated causal effect can depend strongly on
which covariates are included in the PS model. Therefore, it is important to understand

how inclusion or exclusion of certain covariates in the PS model affects the estimation of
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causal effect.

Though Rosenbaum and Rubin (1983b) suggest selecting covariates that are
independent of the treatment indicator in the PS model so that covariates cannot lead to
biases, recent researches suggest selecting all variables regardless of whether they are
independent of the treatment indicator or not, providing they are related to the dependent
variable (Brookhart et al., 2006; Rubin & Thomas, 1996). Later works of Rubin (1997)
and Perkins, Tu, Underhill, Zhou, and Murray (2000) demonstrate that including
variables that are strongly related to the treatment indicator but unrelated to the
dependent variable can decrease the efficiency of an estimated causal effect, but if such a
variable had even a weak effect on the dependent variable, the bias resulting from its
exclusion would dominate any loss of efficiency for a reasonable-sized study (see
Appendix B for the definition of efficiency). However, we do not know whether this
strategy can also be applied to decide whether a suppressor variable should be included in
a PS model as a covariate, especially when it may not reduce, but promote, the bias for
estimating the treatment effect.

A suppressor variable is a predictor that improves the total correlation coefficient
square (R2) by directly predicting some of the variance in the dependent variable and by
indirectly removing the variance of one or more of the other predictor variables while
including it in the regression model. Although suppressor variables sometimes tend to
appear useless as separate predictors to dependent variables and sometimes their pure
impacts are hard to interpret in the regression model, they may in fact change the
prediction values of other variables by suppressing them, completely altering research

results and improving the prediction of dependent variable. Therefore, suppressor



variables are actually advantageous to be included in the regression models (Lancaster,
1999) to approach the statistically significant results. For example, Oden and his
colleagues (2000) tried to illustrate the long-term benefits associated with the Head Start
Program, a national foremost federally funded provider of educational services to young
children in poverty since 1965. In the studies before theirs, few benefits were found
statistically significant. However, in their study, they found that the Head Start group was
slightly lower in Social Economic Status (SES) than the non-Head Start comparison
group. After adjusting SES in the analysis, the direction and pattern of results suggests
possible long-term benefits, such as girls who had attended Head Start were significantly
more likely to graduate high school or earn a GED and significantly less likely to have
been arrested than those in the non-Head Start comparison group. In this case, SES was
suppressing the effect of the Head Start program to improve the prediction of the results
and provided the rationale and theoretical explanation for the findings. Based on this
finding, including the suppressor variable (SES) derived more accurate estimations of the
treatment effects. However, not all the effects of suppressor variables can be interpreted
appropriately with theoretical supports in all the studies. When including suppressor
variables in the models without the supportive rationales and theories, it is less likely that
accurate estimations can be generated because the selection bias may not be removed, but
be promoted, by suppressor variables. Although researchers had demonstrated how the
suppressors variables affect the estimations in the regression models, no research directly
addresses how suppressor variables affect the estimations of causal effects when using the
PS methods.

In this dissertation, examples of classical and reciprocal suppression are



constructed to demonstrate how the classical suppressor and the reciprocal suppressor
suppressing on the treatment indicators affect the estimations of causal effects as one of
covariates in the PS models separately. Classical suppression is the most specialized
definition of suppression and reciprocal suppression is the most general one. I am using
classical suppression because applying the rule of selecting covariates in the PS model,
people should exclude a classical suppressor variable in the PS analysis which is
uncorrelated or slightly correlated to the dependent variable. However, it indeed increases
the predictive validity in the regression model and including it in the regression models
has been suggested in some studies. By using the example of classical suppression, the
difference of estimating the treatment effect between the regression models and the PS
models can be easily detected. Reciprocal suppression cases are provided because they
are more likely to occur in practical educational research settings and show how one
suppressor suppresses the other. This example will apply a general concept of how a
suppressor affects the estimations of causal effect by using PS methods. More
specifically, an example with an opposite sign of the estimated coefficient of the
treatment indicator compared to its correlation with the dependent variable after
including the reciprocal suppressor variable is provided. For both classical and reciprocal
suppressors, the predictive validity of treatment indicator increases while including them
in the regression models. To approach these goals, this study provides examples of
classical and reciprocal suppressions by using an evolutionary algorithm to simulate 10
data sets for each example. The examples have to satisfy the corresponding constraints
aptly. The purpose of simulations is not to generalize to the population of suppressions,

but to create specific cases of suppression. As a result, in the processes of simulations, |



select only the simulated data sets which fit the given constraints precisely as given in the
examples. In each data set, 1,000 subjects are generated.

Moreover, to test whether the unconfoundedness assumption is fulfilled at
different levels and how that affects the estimates of the treatment effect, a set of
covariates, P’s, are derived from the residuals of simple linear regressions with the
treatment indicator as the only predictor for each data set. Different covariates, P’s, are
effective to remove the selection bias by explaining variance in the outcome at different
levels. With the P more correlated with the outcome, the unconfoundedness is more likely
to be fulfilled.

This dissertation addresses whether the predictive validity of a treatment indicator
increases by using the PS methods including PS as a covariate, PS weighting, and PS
matching models as well as in the regression models while including the suppressor
variable as a covariate. I am also interested in how the estimations of the treatment effect
differ among the PS and regression models and whether different types of suppressions
will lead to different results. Moreover, this study addresses how the estimations of the
treatment effects vary in the models while controlling different covariates, P’s, which are
assumed to remove the selection bias in different levels effectively.

This dissertation is not only doing model comparisons to see how the estimations of
the causal effects differ by using PS as a covariate, PS weighting, and PS matching
methods and how the inferences differ in regression and PS models with different sets of
covariates, but is more importantly trying to generate a guideline of how to approach a
more accurate estimation of the causal effect when a suppressor variable is involved in

the estimating process.



Chapter 2
THEORETICAL FRAMEWORK

Theoretical Approach for Causal Effect

In causal studies, the main question of interest is what would have happened if an
individual exposed to one treatment condition had been exposed to a different one. As
Rubin (1974) defined, a causal effect is the difference between what would have
happened to the individual in one treatment group and what would have happened if he or
she had instead been exposed to the control group. However, although the definition
provides a clear theoretical formulation of what a causal effect is, it cannot be tested
empirically because we cannot observe what happened to an individual in the treatment
condition and in the control condition at the same time. This is referred to as the
fundamental problem of causal inference analysis (Holland, 1986).

Holland (1986) identified two general approaches to solving this problem based on
Rubin’s model: the scientific solution and the statistical solution. In the scientific
solution, two assumptions are made. The first is temporal stability, an assumption that the
constancy of the response stays stable over time. The second is causal transience, which
means that the effect of a prior treatment is transient and does not affect what happens to
an individual in a later treatment. Based on these two assumptions, for example, one can
be in the control group at time one and in the treatment group at time two. The causal
effect can be the difference between the outcome of an individual in time one and the
outcome of him or her in time two. However, it is difficult to keep these two assumptions
when implementing a scientific solution in educational studies. For example, to test the

effects of two different curricula on students’ achievement, it is hard to assume that the
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effect of one curriculum at time one does not affect that of the other curriculum at time
two. Also, the development of maturity over time may violate the assumption of temporal
stability.

In the statistical solution, a weaker assumption of unit homogeneity is made to solve
these issues. The unit homogeneity assumption implies that if the units have identical
values in all relative respects, then people can expect they will also have identical values
in the outcome value. As a result, when an individual in a treatment group has the same
values in all relative respects as the other one in a control group, the causal effect can be
the difference between the outcomes in the treatment group and in the control group.
However, in the empirical studies, whether the unit homogeneity assumption is achieved
or not is more difficult to define. A weaker assumption, unconfoundedness, is the most
widely used assumption for different methods for estimating causal effects in
observational studies, which is introduced by Rosenbaum and Rubin (1983b). This
assumption requires that there are no unobserved respects associated both with the
treatment and the outcome after being conditional on observed covariates. As a result,
while designing the studies to test causal effects, researchers need to collect all possible

variables in order to make the unconfoundedness assumption more likely to be fulfilled.

Randomized Experimental Design and Quasi-Experimental Design

Randomized experimental design is based on randomized controlled trial (RCT).
RCT provides the most reliable form of scientific evidence because it reduces sample
bias, especially with large sample size. Under RCT, units are randomly assigned to either

control or treatment groups. This implies that subgroups are non-confounding and that no



interaction and consistency correspond to homogeneity. As a result, the unit homogeneity
assumption can be achieved. This kind of research design ensures that the control and
treatment groups are statistically equivalent for a population of individuals, especially in
a large sample. The estimated treatment effect is the average difference of outcomes
between treatment and control groups. However, randomized controlled trials are not
feasible in some educational settings. First, the cost of RCT is more expensive as well as
other large sample designs. Second, the ethical and logistical issues are hard to overcome
especially in educational situations. Those limitations drive researchers to use quasi-
experimental designs.

Quasi-experimental designs are used when the random assignment is impossible or
impractical. Under quasi-experimental design, control and treatment groups may be not
statistically equivalent because of selection bias and non-confounding. As a result, the
unit homogeneity assumption is violated and therefore the estimate of causal effect is
biased and misleading. In order to strengthen the unit homogeneity assumption and to
achieve the unconfoundedness assumption, a set of variables, especially those related to
the outcome variables, needs to be collected and controlled as the covariates in the
statistical methods to estimate the unbiased causal effects which have no difference from
the true effects theoretically. A number of approaches can be used to strengthen the unit
homogeneity assumption under quasi-experimental designs. PS methods are becoming
one of the popular standard techniques to deal with the disadvantage of quasi-
experimental designs by adopting the unconfoundedness assumption. Three types of PS
methods: PS as a covariate, PS weighting, and PS matching, are explained and applied in

this dissertation.



Estimating Causal Effects Using Propensity Score Methods

PS analysis was first introduced by Rosenbaum and Rubin (1983a). The PS is
often unobserved but can be estimated by the predicted probability of receiving a
treatment for an individual conditional on all the observed covariates. The PS for an
individual, defined as the conditional probability of being treated on the given covariates,
has been used to reduce bias in observational studies. In theory, individuals with similar
PS’s in the treatment group can be compared to those in the control group. The idea is
that people with similar PS’s are likely to have the similar characteristics and motivation
in a treatment condition. Moreover, researchers can assume that they are more likely to
behave in a similar way under the same conditions. Generally, the actual PS’s are not
known in social science studies. When the PS’s are unknown, the estimated PS’s can be
computed by using logistic regression when there are two treatment conditions (i.e.,
treatment vs. control). A logistic regression model is used with a large number of
covariates as predictors and a treatment indicator with values of zero or one as the
dependent variable. The predicted values from the logistic regression model are the PS’s
for individuals. There is an important assumption under the PS analysis,
unconfoundedness, which requires that after conditioning on observed covariates there
are no unobserved variables that are associated both with the treatment assignment and
with the dependent variable. Meaning, with the same value of PS, covariates are
independent of the treatment indicator, and thus an unbiased estimation of the treatment
effect can be obtained. To estimate the treatment effects on the dependent variables,
different types of methods such as PS as a covariate, PS weighting, and PS matching

incorporating the estimated PS’s can be applied and are introduced in following sections.



PS as a covariate. There are several different methods of using PS’s to estimate
treatment effects. The first method introduced here, PS as a covariance, directly uses the
PS’s as a covariate which is the only covariate in the regression model with a treatment
indicator (Heckman & Robb, 1986). With the continuous dependent variable, the
estimated coefficient of the treatment indicator is simply the average of the differences in
predicted values of dependent variable for the treatment and control groups. That is the
impact of the treatment effect. When the dependent values of treatment and control
groups are parallel, using PS as a covariate can reduce the bias of the estimation of the
treatment effect (Roseman, 1994). Another way to apply the PS’s in the regression model
as a covariate is not only controlling the PS’s as the covariate but also a subset of the
covariates used to estimate the PS’s in the regression model. This method may allow the
diagnostic checks on the fit of the model to be more reliable than using all the covariates
in the model.

There are some limitations of using this method. If the dependent values of
treatment and control groups are nonlinear or nonparallel, the treatment effects could be
estimated incorrectly (Rubin, 1979). Moreover, although this method can be simply used,
it 1s not much more efficient than a multiple regression model adjusting for all observed
covariates. This means the estimations of the treatment effects by using PS covariance
adjustment model and by using a multiple regression model should be the same whenever
the same sample covariance matrix is used for both the covariance adjustment and the
discriminant analysis (Rosenbaum & Rubin, 1983b). Thus, comparing the estimated
treatment effects of PS as a covariate models to the estimated treatment effects of

multiple regression models with and without a suppressor variable should contrarily
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provide precise information to detect the influence of a suppressor variable.

Because of the addressed limitations, researchers sometimes use this method as an
additional adjustment under a randomized experimental design. Morrow and her
colleagues (2010) tried to evaluate the Starting Early Starting Smart (SESS) national
initiative to integrate behavioral health services into the pediatric health care setting for
families with young children. They utilized longitudinal data collected from five pediatric
care sites. In their study, although families were randomly assigned to either the SESS
program or a standard care comparison group, 10 of 34 baseline variables were not
equivalent between the SESS intervention and comparison groups including child gender,
child race, primary language, household size, family substance use history, family mental
health history, family criminal justice history, caregiver psychological distress BSI total
score, total family service utilization, and perceived service barriers. To adjust group
nonequivalence, these 10 variables were used in a logistic regression model to predict the
PS for each child for being in the SESS program. In their primary outcome analyses, they
retained the PS as a covariate. Their results demonstrated the success of the SESS
program in coordinating and improving access to behavioral health services for high-risk
caregivers within the pediatric health care setting on the behavioral health care needs of

families with young children.

PS weighting. The PS weighting method uses the PS’s to generate the sampling
weights and are then applied in the causal model (Lunceford & Davidian, 2004; Rubins,
1997, 2001). Two different types of weights can be generated from the PS’s, depending

on whether an average treatment (ATE) or the average treatment effect for the treated
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1
(ATT) is desired. For estimating ATE, weights are defined as P:S for the treatment group

1 —
(Z=1)and as 1_P3 for the control group (Z = 0) where PS are the estimated PS’s. For

—_—

PS
estimating ATT, weights are defined as 1 for the treatment group and as 1_P3S for the

control group. After weighting, individuals who are more likely to receive the treatment
condition statistically but are in the control group in reality, and those who are more
likely to be in the control group statistically, yet receive the treatment condition instead
gain more weights in the analysis. Through weighting, the sample can be more
representative of the population of interest. This method may increase the sample size
efficiently and creates a pseudo-population, but can be solved by using standardized
weights instead. Also, for individuals with PS’s close to zero or one, the weights can be
large. As a result, the estimations of the treatment effects are easily influenced by those
individuals with high variance (Rubin, 2001; Kang & Schafer, 2007; Schafer & Kang,
2008), which may lead to the biased estimations. Two possible solutions for this problem
are to improve the specification of propensity score models, and to diminish the values of
those extreme weights (Potter, 1993; Scharfstein, Rotnitzky, & Robins, 1999).

Frank and his colleagues (2008) used the PS weighting method to test the effect of
the National Board for Professional Teaching Standards (NBPTS) certification on the
number of colleagues a teacher helps with instructional matters. Data was collected from
the teachers in 47 elementary schools in two states. In their study, propensity scores were
estimated by a logistic regression model with multiple covariates related to NBPTS

certification on whether the teacher became NBPTS-certified or not. Then, weights for
12



estimating ATE and ATT were both conducted for the individuals. After applying the
weights generated from the PS’s in the sample, there were no statistically significant
differences between NBPTS-certified teachers and non-NBPTS-certified teachers on the
covariates. This finding indicated that the PS weighting method achieved balance for the
groups of NBPTS-certified and non-NBPTS-certified teachers. By using PS weighting
for the outcome analyses, they found that NBPTS-certified teachers helped more
colleagues than non-NBPTS-certified teachers with instructional matters significantly for

both ATE and ATT models.

PS matching. The PS matching method matches individuals in the treatment
group to those in the control group on their PS’s as closely as possible to be a pair. A new
sample of pairs is created to obtain approximately similar probabilities of being assigned
to the treatment group to reduce the selection bias. The overall treatment effect is
estimated as the average of the differences in outcomes within all pairs. Using matching,
people need to decide what the acceptable number of matches is, because not all
individuals can be matched on similar PS’s, and thus some individuals may be lost so that
sample size and power may also reduce. An optimal matching algorithm often takes more
time than a greedy matching one. Variance can be decreasing by a larger sample size,
however, matching individuals on distinct PS’s increases bias. Therefore, balancing bias
and variance is an important concern in the PS matching method. Fortunately, different
matching schemes have been widely studied in theory and practice (Abadie & Imbens,
2006; Gu & Rosenbaum, 1993; Rosenbaum, 1989, 1995, 2002; Rosenbaum & Rubin,

1985) to solve this problem. Different matching methods can be used in different settings

13



to balance bias and variance. Two types of matching methods, greedy matching and
optimal matching, are often used. For greedy matching, it matches the pairs with the
closet PS’s and since the decisions of matching pairs have made, they will not change
again. For optimal matching, through the algorithm, the decisions of matching pairs will
be reconsidered in the later matching processes and be revised to achieve optimal
matching. Rosenbaum and Rubin (1985) addressed that nearest neighbor available
matching on the estimated propensity score under the greedy matching method is the
easiest technique in terms of computational considerations. In this study, nearest
neighbor matching method is applied. Moreover, nearest neighbor matching within a
caliper method is also used to overcome the problem of inaccurate matching when the
absolute difference of PS’s is too large to avoid bias.

Henry, Gordon, and Rickman (2006) addressed a study to compare the quality and
outcomes of two early education policies, federal Head Start programs and state-
subsidized prekindergarten programs, by using PS matching techniques. They matched 4-
year-old participants of the Head Start program in Georgia to those who were eligible for
Head Start but who attended the state prekindergarten program in Georgia by their PS’s.
The multiple covariates were used to convert propensity scores by using a logit model
including the characteristics related to the child (e.g., sex, race, age), their family (e.g.,
parent’s education, marital status), their school (e.g., sex, race of class) and their county
of residence (e.g., race, income distributions). After matching, there were no statistical
differences between the two groups at the beginning of their preschool year on their
abilities of oral and written language, letter-word and applied problems. But by the

beginning of kindergarten the children attending the state prekindergarten program posted

14



higher developmental outcomes.

Definitions and Types of Suppressions

Three types of suppressions, classical suppression, negative suppression, and
reciprocal suppression, are introduced in this study. Classical suppression is the strictest
definition of suppression and reciprocal suppression is the most general one, which can

imply negative suppression.

Classical suppression. The concept of suppression is important but elusive. This
phenomenon was first introduced by Horst (1941), who defined a suppressor variable as a
predictor that has zero or near-zero correlation (bivariate correlation) with the dependent
variable while paradoxically still contributing predictive validity in the regression model.
It infers that a suppressor variable (1) is uncorrelated or slightly correlated to the
dependent variable, (2) is correlated to the other predictors (which it suppresses), and (3)
increases R2, the variance of dependent variable explained. This was labeled as “classical
suppression” which is also named as “traditional suppression” by Conger (1974).

In practice, variables seldom have a zero or near-zero correlation with the
dependent variable. Therefore, variables which have very small correlations with the
dependent variable can also be considered as classical suppressor variables (Cohen &
Cohen, 1975). Generally, the usefulness of a given predictor can be detected by testing
the impact of that predictor on explaining the variance in the dependent variable.
However, the problem of suppressor variables is that the pure impact of the predictor on

the dependent variable cannot be revealed by its correlation but by its estimated
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coefficient in the regression model while including the suppressor variables. If people
select covariates in the regression model by only considering whether the variables have
some correlations with the dependent variable, classical suppressor variables can be
disregarded easily. Without including suppressor variables, the overall predictive validity
can be underestimated.

An example of classical suppression in empirical study was provided by Martz
(2003). In that study, paid-work experience was noted as a suppressor variable, including
several psychological and demographic independent variables, predicting employment
among community college students with disabilities. Although correlation of paid-work
experience with employment was not significant, when including paid-work experience
in the model with other independent variables, the R? increased by three times comparing
to the model excluding paid-work experience. Paid-work experience acted as a
suppressor variable so that more variance was explained by other independent variables.
Figure 1 is a Venn diagram which graphically illustrates the operation of a classical

suppression case.

Classical suppressor variable vs. instrumental variable. Although a classical
suppressor variable shares similar characteristics with an instrumental variable, such as it
is uncorrelated or slightly correlated with the outcome variable and it is correlated with
the other predictor in the model, people can still distinguish them by the basic definitions
and rationale. The purpose of using an instrumental variable is to solve the problem of an
endogenous predictor, which means that the predictor is correlated with the error in the

regression model or correlated with some unobserved confounding variables, also known
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as omitted variables. Including an instrumental variable in the model can remove the bias
caused from the endogenous variables correlated with residuals of the model and omitted
variables, the unobserved variables which the outcome is conditional on (see Appendix
B). Based on the definition, an instrumental variable should be uncorrelated with the
error of the regression model with the endogenous variable as a predictor. However, the
purpose of including a classical suppressor variable is not defined to remove the bias. A
classical suppressor variable is not necessary to be uncorrelated with the error in the
regression model. A main criterion to define a variable as a suppressor is that the
predictive validity (R2) can be increased when a suppressor is included in the model
which is not necessary to be obtained with an instrumental variable. As a result, when a
classical suppressor variable can remove the bias for the endogenous variables or omitted
variables, it can be a special case of instrumental variable; when an instrumental variable

can increase the predictive validity, it can be a special case of classical suppressor.
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Figure 1. Classical Suppression
Y is the dependent variable, X is the suppressor variable, and Z is the predictor variable

suppressed by X. 17, is the bivariate correlation between Y and X, 77 is the bivariate

correlation between Z and X, and 77, is the bivariate correlation between Y and Z. By is
the standardized coefficient of X in the regression model with both X and Z as predictors.
R2 is variance explained in the regression model with both X and Z as predictors and Y as
the outcome. For interpretation of the references to color in this and all other figures, the
reader is referred to the electronic version of this dissertation.

Negative suppression. The issue of suppression was not widely recognized until
a more general definition of a suppressor variable was provided by Lubin (1957) and
Darlington (1968). Darlington defined suppression as occurring when all predictor
variables have positive pairwise correlations with each other and with the dependent
variable, but the suppressor variable receives a negative estimated coefficient in the
regression model. This condition was extended to include the situation in which the
correlation between some of the predictor variables was negative (Conger, 1974). This
kind of suppression was labeled as “negative suppression” by Conger (1974) and also

named as “net suppression” by Cohen and Cohen (1975), when not only the sign of its
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correlation with the dependent variable differs from that of the estimated coefficient, but
predictive power increases in the regression model through removing of irrelevant
variance in other predictor variables. Therefore, a negative suppressor variable is a
predictor that (1) has a positive correlation with the dependent variable, (2) is correlated
with the other predictor no matter whether it is positive- or negative-correlated, (3) has a
negative estimated coefficient in the regression model, and (4) still increases R2 the
variance of the dependent variable explained. However, the problem of a negative
suppressor variable is that the effect of it can be critical to note and interpret because of
the inconsistency between its signs of correlation and coefficient.

Walker (2003) found that the variable for level of education attained acted as a
negative suppressor variable predicting administrators’ salaries at both public and private
institutions with other independent variables. In this case, level of education attained had
a small but positive correlation with administrators’ salaries; however, including it in the
multiple regression model, its coefficient not only became statistically significant but was
also negative. The explained variance of administrators’ salaries was also increased
significantly in the model with level of education attained compared to the model without
it. Figure 2 is a Venn diagram which graphically illustrates the operation of a negative

suppression case.
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Figure 2. Negative Suppression
Y is the dependent variable, X is the suppressor variable, and Z is the predictor variable

suppressed by X. 17, is the bivariate correlation between Y and X, 77, is the bivariate
correlation between Z and X, and 77, is the bivariate correlation between Y and Z. B

and [, are the standardized coefficients of X and Z respectively in the regression model

with both X and Z as predictors. R2 is variance explained in the regression model with
both X and Z as predictors and Y as the outcome.

Reciprocal suppression. It is commonly known that the values of the estimated
coefficients of predictor variables in the regression model can vary when other variables
are included. With the addition of a new predictor variable, the estimated coefficients of
the originally existing variables may all change and some of them may change
significantly. Therefore, a suppressor variable is not uniquely defined by its own
estimated coefficient but rather generically through its impact on the coefficients given to
all the other predictor variables (Conger, 1974), especially to the treatment indicator in

this study. By considering context idea and subsuming all previous typologies, an even
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more general definition of a suppressor was defined, reciprocal suppression (Cohen and
Cohen, 1975; Conger, 1974; Lutz, 1983). Reciprocal suppression occurs when the two
predictor variables mutually suppress irrelevant variance in each other (Lutz, 1983). Their
real effects on the dependent variable are suppressing by each other and can be larger or
possibly of opposite sign compared to their correlations with the dependent variable.
Under this definition, any variable in the regression model can be both a predictor and a
suppressor (Lord & Novick, 1974). The reciprocal suppression can be detected when the
R2 in the regression model with the two predictor variables is larger than the sum of their
squared correlations with the dependent variable (Matthews & Martin, 1992). The
correlation of a reciprocal suppressor variable with a suppressed variable may be high
and even statistically significant. Although two independent variables may be highly
correlated and the estimated coefficients may also change dramatically under both a
reciprocal suppression condition and a multicollinearity condition in a regression model,
the predictive validity in the model with multicollinearity may not increase as it may with
reciprocal suppression. Also, theoretically, multicollinearity happens when two predictors
measure the same thing but this is not why suppression happens.

Paulhus, Robins, Trzesniewski, and Tracy (2004) found an example of reciprocal
suppression. In the study, researchers used the variables of shame and guilt to predict
aggression of undergraduate students. Although both variables of shame and guilt had
positive correlations with aggression, the effect of shame on aggression increased and
became negative while including guilt in the regression model. R2 also increased
dramatically when guilt was added in the model. Figure 3 is a Venn diagram that

graphically illustrates the operation of a reciprocal suppression case.
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Figure 3. Reciprocal Suppression
Y is the dependent variable, X is the suppressor variable, and Z is the predictor variable

suppressed by X. 17, is the bivariate correlation between Y and X, 77, is the bivariate
correlation between Z and X, and 77, is the bivariate correlation between Y and Z. B

and [3, are the standardized coefficients of X and Z respectively in the regression model

with both X and Z as predictors. R is variance explained in the regression model with
both X and Z as predictors and Y as the outcome.

Reciprocal suppressor variable vs. mediator variable. In causal study, a mediator
variable is used to explain the mediational effect underlying a causal relationship between
an independent variable and a dependent variable. Rather than a direct causal relationship
between the independent variable and the dependent variable, a mediator variable is
caused by the independent variable and then causes the dependent variable in turn to
explore the underlying mechanism or process. In a mediation model, the estimated causal
effect between the independent variable and the dependent variable is dispersed through

the pathway of the mediator variable. Much like the mediator variable, although a
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reciprocal suppressor variable may be related with both independent variable and
dependent variable, it is not necessary to have causal relationships with them. A
reciprocal suppressor is not defined to explore the underlying relationship between the
dependent variable and the independent variable. Moreover, the inclusion of a mediator
variable always conducts a smaller estimated causal effect in the mediation model than
the directly causal effect between the independent variable and dependent variable
without the mediator variable. Unlike the mediational effect caused by the mediator
variable, which may decrease the predictive validity of the independent variable on the

dependent variable, the reciprocal suppressor increases the predictive validity.
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Chapter 3
METHODS

Data Simulation

In this study, two examples, classical suppression and reciprocal suppression, are
provided through simulations. The goal of the simulations is to provide the specific cases
of the suppressions but not to simulate the population of the suppressions to give general
inference. As a result, particular constraints are used to conduct the examples. In each
example, 10 simulated data sets are selected through simulations only when they satisty
the constraints precisely. Because the data sets of the examples do not have to represent
the population of classical or reciprocal suppressions but just to show specific cases of
them, 10 precise data sets for each example are adequate to explain how the estimations
of causal effects be affected by suppressions. In each data set, 1,000 subjects are
simulated. The outcome Y, treatment indicator Z, and suppressor X are generated where
500 subjects have Z = 1 for the treatment group and the other 500 subjects have Z = 0 for
the control group. The data sets for the example of classical suppression have to satisfy

the following conditions as well as the research interests:

The correlation of the outcome Y and the treatment indicator Z, Tyz. is not

statistically significant.

» The correlation of Y and suppressor X, 1y, is close to zero.

e The R2 in the regression model while including both Z and X as predictors is
larger than the sum of their squared correlations with Y.
e Five covariates are randomly selected.
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The value of R2 can be computed by the sum of the products of each predictor’s

standardized coefficient and it’s correlation with Y. (R2 = | ,3 Zl X Tyz + |:Bx| X
Tyx > Tyzz + Tyzx). Only when Z and X are independent with each other does

R? = Tyzz + T'yzx. The specific constraints are set in the simulation program for

classical suppression through a correlation matrix of Y, Z, and X as:

Y Z X
Y -
V4 .030 --
X -.050 .600 --

and by the unstandardized regression coefficients as:

Y =By + B{Z + &, where B; = 2
Y =By+ BZ+ B,X + ¢&,where By =7 and B, = 2

The values of 7 and 2 were chosen for B ’s such that the results of simulations can

satisfy all the conditions above and those coefficients are statistically significant in
regression models.
The data sets for the example of reciprocal suppression have to satisfy the

following conditions as well as the research interests, which are:

e The absolute value of correlation of Y and Z is not zero (lryzl > 0).

e The correlation of Z and X, 77, is statistically significant.

* The correlation of Y and X, 7y, is statistically significant.
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e The R2 in the regression model while including both Z and X as predictors

is larger than the sum of their squared correlations with Y
2 2 2
(R* > 155 + 13).

e The beta coefficient of regressing Z on Y is significant with an opposite
sign to its correlation while including X in the model
e Five covariates are randomly selected.
The specific constraints are set in the simulation program for reciprocal suppression

through the correlation matrix of Y, Z and X which is:

Y Z X
Y -
V4 200 --
X .600 700 --

and by the unstandardized regression coefficients defined as:

Y :BO+31Z+€,WhereBl == 2
Y=By+ B;Z+ B,X + ¢, where By = —4 and B, = 2

The values of -4 and 2 were chosen for By ’s such that the results of simulations can

satisfy all the conditions above and both coefficients are statistically significant in
regression models. Under the definition of reciprocal suppression, both Z and X can be
suppressor variables. In this case, X and Z suppress each other. Z can be note as negative
suppressor where the correlation between Z and Y is positive but the coefficient of Zon'Y
is negative after controlling X in the regression model.

A versatile method, evolutionary algorithm, was adopted to simulate the data sets.

For each data set, Y, Z, and X are generated according to the aforementioned constraints
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based on which example they belong to. The simulations try to have the minimum
deviations from desired conditions. The evolution algorithm, a relatively new member of
the algorithms for solving nonlinear optimization problems, can potentially offer
approximate solutions very efficiently (Eiben & Smith, 2007). As its name implies, the
evolution algorithm is inspired by the Darwinian theory of evolution: in nature a
population of organisms within some environment with limited resources, competing
with each other for those resources, causes natural selection. This in turn causes a rise in
the fitness of the population. The evolution algorithm is designed to mimic the evolution
process and apply it to optimization problems. Nature's seemingly endless creativity in
designing complex life forms to fit virtually every imaginable environment through
nothing but the simple process of evolution is often cited as the evidence for the potential
effectiveness of the evolutionary algorithm.

In this particular implementation, the population can be considered as a set of
500 triplets of the form (Y, Z, X) where Y and X are random real number vectors from 0
to 100 and Z is a vector of 0 or 1. Each triple can be considered as a data set with
variables of X, Z, and Y. The population evolves over time in discrete generations with
each generation being generated from the previous generation in two stages: variation and
selection. In the variation stage, for an individual, each entry of X and Y is perturbed by
adding a randomly selected real number to it. This random number is selected based on a
Gaussian distribution with a mean of 0 and certain prescribed standard deviation. Entries
of Z, however, remain fixed with exactly 500 entries of 0 and 500 entries of 1. The
collection of perturbed individuals together with existing individuals are called the

children of the current generation. 1,000 children are produced at first, and 500 of them
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are selected as the next generation based on the algorithm in the next selection stage. In
the selection stage, the fitness of each individual (Y, Z, X) is evaluated. The fitness which
is defined to be how well Y, Z, and X satisfy the constraints addressed above in each
example is the sum of the squared of differences of simulated values and corresponding
constraints. The child with a smaller value of the fitness means that the parameters of that
child are closer to the set constraints. The next generation is selected from the children.
The probability that a child is selected to be a part of the next generation is proportional
to its fitness. In the implementation, the fitness of children is ranked first and the best fit
child is given the rank of zero. The survival probability for each child is calculated by
using its rank as the power of the defined survival probability, .95. A real number
between zero and one is randomly selected from a uniform distribution as an index to
decide whether a child survives or not. When the index is less than or equal to a child’s
survival probability, that child survives and remains in the population. The selection
process starts with the child with the highest fitness. When the total number of selected
children reaches 500, the algorithm stops and the new generation has been created. If less
than 500 children survive, the absent individuals were created by cloning the child with
rank zero. Each iteration represents the procession from one generation to the next.
Throughout this process, the children with better fitness have a higher chance of being
included in the next generation.

Based upon my experimentations, setting a smaller number of populations
requires less iteration time for each generation than a larger number; however, the fitness
would not have substantial improvement after several hundred iterations. Even with an

extremely large number of iterations, the fitness would not be good enough. Therefore,
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the population is set with a larger number in the simulation so that fewer iterations are
required to conduct the data set with a good enough fitness. For the classical suppression,
about 9,000 iterations are run and take about 10 hours for each completed simulation. For
the reciprocal suppression, about 5,000 iterations are run and take about 6 hours for each
completed simulation. Only the best child with the smallest value of the fitness is selected
as one of the conducted data sets. The processes are repeated until 10 data sets are
conducted for each example of classical and reciprocal suppressions. Although repeating
the processes takes much more time, it secures that all the selected data sets are precise
enough to the constraints. A manual step is used during the processes. The population was
discarded manually if the fitness did not have substantial improvement after the first
1,000 iterations. This is done because that the first randomly selected generation may not
be appropriate to create the desired example. Based on my failure experiments, if the
fitness did not improve substantially after the first 1,000 iterations, no matter how many
iterations were run, the fitness would not be good enough to represent the example of the
suppression. The program is written in Python programing language version 2.7 (see

Appendix A). Five covariates are randomly selected for each example.

Testing the Validity of Simulated Data Sets
To test the validity of simulated examples of classical and reciprocal suppressions,
first, the correlations of treatment indicator Z and suppressor X with outcome Y and the

R2 of regressing Z and X on Y are estimated for each simulated data set to see whether

each data set satisfies the condition of R? > T‘yzx + T‘yzz. In the example of classical

suppression, 1,, should be not statistically significant and 1}, should be close to zero.
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The correlations, 7}, and 7y, should both be positively significant in the example of

reciprocal suppression. Second, to detect whether X suppresses Z validly, two regression

models are run. Model 1 regresses only Z on Y and Model 2 regresses both Z and X on Y

Y=B0+B1Z+ﬁ2X+E (2)

For each simulated data set in the example of classical suppression, the estimated

treatment effect [§; should be non-significant in Model 1 but statistically significant in

Model 2. In the example of reciprocal suppression ,6’1 should be positively statistically

significant in Model 1 but negatively statistically significant in Model 2. All simulated

data sets should satisfy the aforementioned conditions for each example.

Estimating the Causal Effect by Regression and PS Analyses

In this study, the causal effect of treatment indicator Z is estimated by regression
models and PS methods including PS as a covariate, PS weighting, and PS matching
models for both examples of classical and reciprocal suppressions.

Based on the rule of selecting variables in the PS model, all variables that are
correlated with the dependent variable should be included in the model to estimate a
causal effect. In some causal inference analyses, including a predictor such as pre-test
scores or other related test scores as a confounding variable to estimate the intervention
effect on post-test scores is a key method to eliminate confoundedness. Also, some

variables that have certain relationships with the outcome and have been proved in
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previous studies need to be included in the models to address the unconfoundedness
assumptions. In order to determine whether the estimations of the treatment effect differ
when the unconfoundedness is fulfilled at different levels, different covariate, P’s,
correlated with the dependent variable in different degrees are generated. These variables,
P’s, are computed by applying a non-linear function P = R + C X sin(R) where R is
composed by the standardized residuals of a simple regression model with Z on Y and
where C is a constant. Here, R is a fixed vector based on the regression model that
indicates the unexplained variance of Y after controlling Z. The reason I use the residuals
from the simple regression model with the only predictor Z to derive P is because the
estimate from this model is defined as the true treatment effect in this study. Based on the
function, as C becomes smaller, the correlation between P and R becomes larger. Figure 4

illustrates the relationships between P and R with different values of C. In this study, 10

different levels of covariates P’s, Py to Py are generated for each selected data set from

simulations. Including P, which is highly correlated with R in the models, implies that a
large portion of variance of Y can be explained by P after controlling Z. Under this
condition, the unconfoundedness assumption is approximately fulfilled, and then the
estimated coefficient of Z should be unbiased and close to the true treatment effect that I
defined based on the theory. Moreover, how the estimations of treatment effect differ in
multiple regression models and the models of PS methods with and without the
suppressor variable when the unconfoundedness assumption is fulfilled in different levels
can be tested. By comparing the models with different levels of P’s, the impact of the
unconfoundedness assumption violation on the estimations of the treatment effects can be

addressed.
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Figure 4. Graphs of function P = R + C X sin(R). The vertical axis represents P and the horizontal axis represents R.
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Regression. To test the estimate of the treatment effect by the regression method,

Model 3 regresses Z and covariates V; on Y.

Y=8y+PBZ+B'14iV; + & i=123..,5 3)

To test the estimate of the treatment effect conditional on X by the regression method,

Model 4 regresses Z, X, and Vion Y.

Y =80+ P1Z+ BX+ B Vi + ¢ i=1273..,5 (4)

To test how covariates, P’s, affect the estimations without suppressor X in regression, the

following models are analyzed.

Y=B8o+B1Z+ B 14iVi+ PP+, i=1,2,3,4and5 (3.1)
Y=Bo+PZ+PB1+iVi+B,P+e, i=1,23,4and5 (3.2)
Y=Bo+PBZ+PB1+iVi+B,Ps+e, i=1,23,4and5 (3.3)
Y=Bo+PZ+B1+iVi+B,P+e, i=1,2,3,4and5 (3.4)
Y=Bo+PBZ+PB1+iVi+B,Ps+e, i=1,23,4and5 (3.5)
Y=By+BZ+ B 14iVi+P,Pg+e, i=1,234and5 (3.6)
Y=Bo+PBZ+PB1+iVi+B,P,+e, i=1,23,4and5 (3.7)
Y=By+BZ+PB1;+iVi+B,Pg+e, i=1,2,34and5 (3.8)
Y=By+PBZ+ B 14iVi+ PP+, i=1,2,34and5 (3.9)

Y=By+BZ+PB'14+iVi+BP+e i=1,234and5  (3.10)
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P to Py( can be abbreviated as Pj where j=1, 2, 3, ....., 10. I will use the abbreviated

notation for other equations as:

Y = ﬁo + ,312 + ﬁ’1+iVi + B7[)] + g, | = 1, 2, 3,4 and 5 (3])

To test how covariates, P’s, affect the estimations with suppressor X in regression, the

following models are analyzed.
Y = ﬁo + ﬂlz + ﬁzX + ﬂ,2+i‘/i + ﬁgP] + g, [ = 1, 2, 3,4 and 5 (4_])

PS methods. Because the true PS’s are unknown, logistic regression models are
used to estimate the PS’s with the binary treatment indicator Z (Z = 1 or 0) as the
dependent variable. The PS’s are the predicted probabilities of receiving the treatment
(Z=1) of models. In this study, different PS’s are estimated by using a different set of

independent variables in the models to see how the estimated treatment effects change

under different settings. To estimate the PS, PS_C, with only covariates V; as predictors,

Model 5 is used.

P(Z=1)

(1 P - 1))—,BO+[>’ V.t+e 1i=1,234and5

To estimate the PS, PS_CX, with suppressor X and covariates V; as predictors, Model 6

1s used.
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P(z=1) \ _ ,
LOg(m) = .BO + ,81X + ﬁ 1+iVi + &,

i=1,2,3,4and 5 (6)

To estimate the PS’s, PS_CPj, with covariates Vj and covariate P; as predictors, Model 5.1

to 5.10 are used.

P(z=1) \ _ ,
Log (m) =Bo+ B,V + PP t+ €

i=1,2,3,4and 5 (5.)

To estimate the PS’s, PS_CXP;j, with suppressor X, covariates Vj and covariate P;as

predictors, Model 6.1 to 6.10 are used.

P(Z=1) . /
Log (m) =Po+ 1 X +B,;Vit+ P +e

i=1,2,3,4and 5 (6.)

To estimate the treatment effect by using PS methods, the PS_C, PS_CX, PS_CPj and

PS_CXP; are used in PS as a covariate adjustment, PS weighting and PS matching

models.
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PS as a covariate. To estimate the treatment effect by using covariate adjustment
methods, PS is directly used as a covariate which is the only covariate in the regression

model of treatment indicator Z on outcome Y. Model 7 is used to estimate the treatment

effect of Z by controlling PS C which is conditional on covariates V; only.

Y=B0+B12+B2PS_C+E (7)

Model 8 is used to estimate the treatment effect of Z by controlling PS_CX which is

conditional on covariates V; and suppressor X.

Y = ﬁo + ,812 + ﬁzPS_CX + & (8)

Model 7.1 to Model 7.10 are used to estimate the treatment effect of Z by controlling

PS_CPj where j is from 1 to 10, which is conditional on covariates Vj and covariate P;.

Y =00+ p1Z+ B,PSCP+¢ (79)

Model 8.1 to Model 8.10 are used to estimate the treatment effect of Z with PS_CXP;

which is conditional on suppressor X, covariates Vj, and covariate Pj where j varies from

1 to 10.
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PS Weighting. The PS weighting method uses PS’s to generate sampling weights
and applying weights to estimate the treatment effect by regressing only treatment
indicator Z on Y. Two different types of weights are used under PS weighting methods,
depending on whether the average treatment (ATE) or the average treatment effect for the

treated (ATT) is desired. ATE is the average difference in expected Y between the

treatment and control groups. It is defined as ATE = E(Y};|1Z = 1) — E(Yy;|Z =
0) where Y;;|Z = 1 is the value of outcome Y for individual i in the treatment group if
the individual was treated and Y(;|Z = 0 is the value of outcome Y for individual i in
the control group if the individual was not treated. ATT is defined as ATT =

E(Y;;|1Z = 1) — E(Yy;|Z = 1) where Yy;|Z = 0 is the value of outcome Y for

individual i in the treatment group if the individual was not treated. The term Y;|Z = 0

cannot be observed, only estimated. For estimating ATE, weights are defined as P:S for

1 —
the treatment group (Z = 1) and as 1_P3S for the control group (Z=0) where PS are the

estimated PS’s. For estimating ATT, weights are defined as 1 for the treatment group and

PS
as 1_P3S for the control group. In this study, both ATE and ATT are estimated; therefore,

for each generated PS, two types of weights are computed.
To solve the problem of extremely large weights which may easily influence the

estimation of the treatment effect, weight trimming is applied. Lee, Lessler and Stuart

(2011) suggested trimming the weights at the 95th percentile to improve the estimations

37



when the logistic regression models when PS’s are estimated with the scenario of mild

non-additivity and non-linearity. In this study, the models to estimate the treatment effect

. . . . th . . .
with weight trimming at the 95 percentile are used and the models without weight

trimming are also analyzed. Model 9 is used to estimate both ATE and ATT by using

different weights generated by each PS with and without weight trimming.

Y=0,+0Z+¢ 9)

PS matching. The PS matching method matches treated to control individuals based
on the estimated PS. Based on the setting for the simulated data sets, there are equal
individuals in the control and treatment groups so that all the individuals are matched into
500 pairs.

There are various matching methods and the most common matching algorithm is
the greedy matching. Two types of greedy matching methods are applied here, nearest
neighbor matching and nearest neighbor matching within a caliper. The nearest neighbor
matching method matches an individual in the treatment group to that in the control
group if the absolute difference of PS’s between a treated individual and a control
individual is the smallest among all possible pairs. This method provides one-to-one
complete matching but would be inaccurate when the absolute difference of PS’s is too
large. The nearest neighbor matching within a caliper method matches the individuals by
the nearest neighbor matching method first and then removes the pairs if their absolute

difference of PS’s falls outside a set caliper €. This method can overcome the problem of
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inaccurate matching when the absolute difference of PS’s is too large. The size of the

caliper is typically setas € < .250pg, where Opg is the standard deviation of the PS

(Rubin, 1985). In this study, £ < 250 ps 1s applied. ATT’s are estimated after

applying these two matching methods separately for each PS by Model 10:

== Zil{Yk|Z =1- Y;(|Z = O} (10)

where T! is the estimated ATT, nt is the number of pairs after matching, Y |Z = 1is

the outcome value for the individual who is in the treatment group in pair k and Y} |Z =

0 is the estimated outcome value for the individual who is in the treatment group in pair

k if he was not treated.
All the models are applied for all the simulated data sets that are examples of
classical and reciprocal suppressions. The statistical tests are performed by using STATA

version 11 (StataCorp, Texas).
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Chapter 4
EXAMPLE of CLASSICAL SUPPRESSION

Data

For the example of classical suppression, 10 simulated data sets with outcome Y,

treatment indicator Z, suppressor X, and covariates V; are generated with 1,000 subjects

for each. In each data set, the number of subjects in the treatment group (Z = 1) and in the

control group (Z = 0) is equal to 500. In the example of classical suppression, the

correlation 77, is small and not statistically significant, and the correlation 1), is close to

zero. The value of R2 in Model 2 which regresses Z and X on Y is larger than the sum of

T'yzz and Tyzx.

Testing validity of simulation data sets. The correlations, 1,, and 7, and the
values of R2 from Model 1 and Model 2 are reported in Table 1 for each simulated data
set. Based on the results, both 7),, and 7y, are close to zero and non-significant, and the
values of R2 in Model 2 is larger than the sum of Tyzz and Tyzx for each simulated data

set. The estimated treatment effects are all positive but not significant in Model 1 where
only Z regresses on Y. In Model 2 with the added X, the estimated treatment effects are
still positive but now significant. These results indicate that X increases the predictive

validity of Z and all data sets satisfy the conditions established for classical suppression.
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Table 1
Classical Suppression Data Results

Model 1 Model 2

T'yZ Tyx By R2 By R2
Simulated Data 1 .033 -.058 2.011 .001 6.997%** .011
Simulated Data 2 .032 -.057 2.011 .001 6.997%** .011
Simulated Data 3 .033 -.058 2.011 .001 6.997*** 012
Simulated Data 4 .032 -.056 2.011 .001 6.997%** .011
Simulated Data 5 .034 -.059 2.011 .001 6.997*** 012
Simulated Data 6 .033 -.059 2.011 .001 6.997%** .011
Simulated Data 7 .033 -.058 2.011 .001 6.997%** .011
Simulated Data 8 .034 -.058 2.011 .001 6.997%** .012
Simulated Data 9 .033 -.058 2.011 .001 6.997*** .011
Simulated Data 10 .033 -.059 2.011 .001 6.997%** .012

Note: By is the coefficient for treatment indicator Z. Model lis Y = By + ,Z + €
and Model 2is Y = By + B1Z + [,X + €. *p <.05. ** p < .01. *** p < .001.

Table 2 reports the means and standard deviations (SD) of correlations for Y, Z, and X

from 10 data sets where 13, is .033, 1}, is -.058, and 77 is .628. The standard

deviations in Table 2 are quite small, less than or equal to .002, providing evidence that

all simulated data sets satisfy the given constraints precisely.

Table 2

Correlation Table for Simulated Variables — Classical Suppression Example
Outcome(Y) Treatment(Z) Suppressor(X)
Mean (SD) Mean (SD) Mean (SD)

Outcome(Y) --

Treatment(Z) .033 (.001) --

Suppressor(X) -.058 (.001) .628 (.002) --

Note: The values are calculated by 10 simulated data sets.

Covariates, P’s, are generated by using the non-linear function P = R + C X sin(R)
where R is the standardized residuals from Model 1 and where C is a constant. Ten P’s
are generated with different values of C. Table 3 reports the means and standard

deviations of correlations of 10 P’s and simulated variables Y, Z, and X from 10 data sets.
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The results indicate that the correlations between P’s and Y increase monotonically from

P (:139) to Py (.973) at an approximate rate of .10. The correlations between P’s and Z

are close to zero and slightly decrease from P (-.008) to P1( (-.002). The correlations

between P’s and X are negative and they slightly decrease at an approximate rate of .005

from P (-.022) to P1¢ (-.079). The covariate P has a stronger effect on Y when its

correlation with Y is larger. Since the P’s are generated from the unexplained residuals,

with a stronger P, the unconfoundedness assumption is more likely to be fulfilled. In this

case, the correlation of Py and Y is .973 which is extremely high. As a result, by

controlling Py in the regression model, the unconfoundedness assumption can be

approximately fulfilled.

Table 3
Correlation Table for Simulated Variables and P’s — Classical Suppression Example

Simulated Variables

Outcome(Y) Treatment(Z) Suppressor(X)
Mean (SD) Mean (SD) Mean (SD)
P’s

P, 139 (.043) -.008 (.025) -.022 (.026)
P, 241 (.040) -.008 (.024) -.030 (.025)
P3 .340 (.037) -.008 (.024) -.037 (.024)
Py 443 (.033) -.008 (.022) -.045 (.023)
Ps .546 (.027) -.007 (.021) -.052 (.022)
Pg .648 (.021) -.007 (.019) -.060 (.020)
P 730 (.016) -.006 (.017) -.065 (.018)
Pg .819 (.010) -.005 (.014) -.071 (.015)
Py .906 (.005) -.004 (.011) -.076 (.011)
Pio 973 (.001) -.002 (.006) -.079 (.006)

Note: The values are calculated by 10 simulated data sets.
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Regression Models

In regression models, the estimated coefficients of treatment indicator Z are the
estimated treatment effects. Table 4 reports unstandardized coefficients B, standard errors
of the coefficient SE(B) and standardized coefficients  of Z. The values in Table 4 are
the means and standard deviations of estimates from 10 data sets. The standardized
treatment effect in Model 3 is .032 and that increases dramatically to .114 after adding
suppressor X in Model 4. Also, the treatment effect is non-significant in Model 3, but
becomes significant in Model 4. This indicates that the suppressor influences the
estimation of the treatment effect and increases the predictive validity significantly of the
treatment indicator.

Considering Model 3.1 to Model 3.10, the estimated treatment effects are quite
consistent no matter which levels of P’s are controlled. However, for the models with the
stronger P’s, the estimates of standard error become smaller. As a result, the treatment

effects become more significant when the stronger P’s are controlled. For Model 3.10
with the strongest covariate, P, which explained most variance of the outcome after
controlling the treatment indicator, the unconfoundedness assumption can possibly be
fulfilled. This is because P is generated to be highly correlated to the residuals of
Model 1 and the outcome. When the unconfoundedness assumption is fulfilled, the true
treatment effect can be estimated. In Model 3.10 with Py, the estimated standardized

treatment effect of .035 can be considered as the approximately true treatment effect and
it is not that different from the estimated treatment effect of .032 in Model 3. The

estimated treatment effect of .114 with the added suppressor in Model 4 is much larger
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than the approximately true treatment effect in Model 3.10.

By comparing the results from Model 4.1 to Model 4.10, the estimates of the
treatment effect and the standard error become smaller with the stronger P’s included in
the models. The estimated treatment effect is .112 with the estimated standard error 2.456
in Model 4.1 and the corresponding values in Model 4.10 are .038 and 0.563,

respectively. Examining Model 4 and Model 4.1, the difference of the estimated the

treatment effect is only .002, which means by adding the least strong covariate Py, the

estimates of the treatment effect do not change significantly. It demonstrates that the

suppressor still has a strong impact on the estimation of the treatment effect when only

the weakest covariate, Py, is controlled. However, the stronger P’s included in the model,

the smaller the impact of the suppressor. In Model 4.10, the estimated treatment effect
decreases to .038 which is quite close to the value in Model 3.10, conveying the
approximate true treatment effect of .035 without being conditional on the suppressor. It
provides evidence that the influence of the suppressor on the treatment indicator becomes
smaller with a stronger covariate P controlled. The effect of the suppressor can be
eliminated by controlling the strong-enough covariate P. As shown in Model 3.1 to Model
3.10, with stronger P’s, the estimates of the standard error become smaller and the
estimated effects become more significant. This is also true in Model 4.1 to Model 4.10.
These findings providing evidence that the stronger covariates, P’s, can not only
eliminate the impact of the suppressor, but can improve the precision of the estimates of

the treatment effect.
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Table 4
The Estimated Treatment Effects of Regression Models— Classical Suppression Example

B SE(B) B Significance

Mean (SD) Mean (SD) Mean (SD) p<.05

Regression
Without Suppressor
Model 3 1.975 (0.097)  1.938 (0.042)  .032(0.002) 0/10
Model 3.1 P, 2.039(0.177) 1.919(0.041)  .033(0.003) 0/10
Model 3.2 P, 2.086(0.312) 1.881(0.043)  .034 (0.006) 0/10
Model 3.3 Py 2.130(0.441) 1.822(0.044)  .035(0.008) 0/10
Model 3.4 P, 2.172(0.561)  1.737(0.044)  .036 (0.010) 0/10
Model 3.5 Ps  2.207 (0.656)  1.624(0.043)  .036(0.011) 0/10
Model 3.6 Pg 2.232(0.718) 1.475(0.040)  .037(0.011) 2/10
Model 3.7 P, 2241(0.731)  1.324(0.035)  .037(0.012) 3/10
Model 3.8 Py  2.235(0.694)  1.111(0.028)  .037(0.011) 6/10
Model 3.9 Py 2.199(0.569) 0.816(0.017)  .036(0.010) 7/10
Model 3.10 Pl 2.122(0.329)  0.437(0.007)  .035 (0.006) 10/10
With Suppressor

Model 4 6.953 (0.142)  2.480(0.050)  .114(.003) 10/10
Model 4.1 P,  6.856(0.290) 2.456(0.051)  .112(.007) 10/10
Model 4.2 P,  6.679(0.476) 2.408(0.053)  .110(.010) 10/10
Model 4.3 P;  6.408(0.647) 2.334(0.055)  .105(.012) 10/10
Model 4.4 P,  6.024(0.800) 2.226(0.056)  .099 (.015) 10/10
Model 4.5 Ps  5.539(0.917) 2.082(0.054)  .091 (.016) 9/10
Model 4.6 Pg  4.947(0.985) 1.893(0.050)  .081(.017) 9/10
Model 4.7 P, 4.396(0.991) 1.701(0.044)  .072(.017) 9/10
Model 4.8 Pg  4.396(0.991) 1.428(0.035)  .061 (.016) 9/10
Model 4.9 Py  2.954(0.750) 1.051(0.022)  .049 (.013) 9/10
Model 4.10 Pio 2.300(0.428)  0.563(0.008)  .038 (.008) 10/10

Note: The values are calculated by 10 simulated data sets. Significance column reports
the number of simulated data sets which have significant treatment effect at the level of p
<.05 out of 10.

Model 3: Y = By + B1Z + B'14Vi + €.

Model 3.1-3.10: Y = By + B1Z + B'14;V; + B,P; + €.
Model4:Y = By + B1Z + B, X + B'54iVi + €.

Model 4.1-4.10: Y = o + 1 Z + X + B'54;V; + BgP; + &.
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PS Methods

Before estimating the treatment effects by using PS methods, the predicted PS’s are
estimated by including different sets of variables in the logistic regression models. Table
5 reports the correlations between the predicted PS’s and simulated variable Y, Z, and X.

The correlations between PS_C and Y, Z, and X