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ABSTRACT

In this Monte Carlo simulation study, the performance of six different
propensity score methods implemented through weighting cases was
investigated: inverse probability of treatment weighting, truncated inverse
probability of treatment weighting, propensity score stratification, marginal
mean weighting through propensity score stratification, optimal full
propensity score matching, and marginal mean weighting through optimal full
propensity score matching. These methods aim to reduce selection bias in
estimates of the average treatment effect (ATE) in observational studies. For
the estimation of standard errors of the ATE with weights, three methods were
compared: weighted least squares (WLS), Taylor series linearization (TSL), and
jackknife (JK). Results indicated that covariance adjustment extensions of the
investigated propensity score methods, in combination with TSL and JK
standard error estimation methods, remove the selection bias appropriately
and provide the most accurate standard errors under the simulated conditions.
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Introduction

Estimating the effects of educational interventions using secondary data has become common in
educational research because of the availability of various nationally representative databases
collected by agencies such as the National Center for Education Statistics (NCES) and the National
Science Foundation (NSF) (Strayhorn, 2009). However, because the assignment of participants to
interventions in these national studies is not random, estimates of the effects of interventions are
vulnerable to selection bias due to both observed and unobserved covariates (Shadish et al., 2002).
In the last four decades, several methods emerged for estimating treatment effects and dealing with
selection bias in studies that lack random assignment to treatment conditions (Heckman, 1978;
Rosenbaum & Rubin, 1983; Abadie & Imbens, 2006; Heckman et al., 1997), which are referred
collectively as observational studies. Propensity score methods are among the most commonly used
methods in social science research to analyze observational studies (Thoemmes & Kim, 2011). In
order to deal with selection bias in treatment effect estimates, propensity score methods attempt to
balance pre-existing differences between treated and untreated participants on observed covariates.
Rosenbaum and Rubin (1983) used the term propensity score (PS) for the first time and defined it as
the predicted probability of treatment assignment given observed covariates. They proved that if
selection into treatment depends on observed covariates, the observed difference in treatment and
control at a propensity score level is an unbiased estimate of the average treatment effect (ATE) at
that level (Rosenbaum & Rubin, 1983). Propensity scores can be utilized to reduce selection bias in
the ATE estimates by matching observations based on their similarity in PS, weighting observations
with the inverse of the PS, and stratifying observations into homogenous groups based on PS (Stuart,
2010). Except for one-to-one matching, all PS methods produce observation weights, and therefore,
estimation methods for survey data with sampling weights are applicable to the estimation of
treatment effects with PS weights (Leite, 2016). Lunceford and Davidian (2004) show estimators of
the treatment effect for propensity score weighting and stratification that are equivalent to
estimators discussed in the sampling literature (e.g., Lohr, 1999). Also, methods to estimate standard
errors, such as bootstrapping, jackknife, and Taylor-Series linearization with complex survey data
(Stapleton, 2008), can be applied to data with propensity score weights.

Although several types of treatment effects have been defined in the literature (Guo & Fraser, 2010),
the estimates most commonly found in the social sciences literature are the average treatment effect
(ATE) and the average treatment effect on the treated (ATT) (Thoemmes & Kim, 2011). The specific
implementation of a PS method differs depending on whether the ATE or ATT are of interest. There
have been several studies comparing implementations of PS methods to estimate the ATT (Gu &
Rosenbaum, 1993; Cepeda et al., 2003; Austin, 2010b; Harder et al., 2010), but there has not been a
study comparing major PS methods for the estimation of the ATE. Therefore, the first objective of
this study is to compare inverse probability of treatment weighting (IPTW), truncated inverse
probability of treatment weighting (TIPTW), propensity score stratification (PSS), marginal mean
weighting through stratification (MMWS), optimal full matching (OFM), marginal mean weighting
through full matching (MMWEM), and their covariance adjustment extensions for their ability to
reduce selection bias in estimates of the ATE. Because most studies comparing PS methods focused
on treatment effect estimates and did not address the estimation of standard errors, the second
objective of this study is to compare weighted least squares regression (WLS), Taylor series
linearization (TSL), and jackknife (JK) for estimating standard errors for the ATE estimates obtained
with each PS method.
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The Potential Outcomes Framework

Rubin’s potential outcomes framework (1974) is commonly used to address the selection bias issue
in observational studies. Its basic principle is that treated and control group participants have
potential outcomes in both the presence and absence of treatment. For instance, let the observed

outcome of a treated participant i be Yﬁ , while Yﬁ is the potential outcome if this participant had
been placed in the control group. Similarly, Yié is the observed outcome for the control group

participant i, and Yitc is the potential outcome if this participant had been placed in the treatment

group. In other words, a control group participant has a potential outcome under the treatment
condition. Conversely, a treatment group participant has a potential outcome under the control

condition. The ATE is E[Yit 1- E[Yic], which is the difference between the potential outcome for all

individuals if they were exposed to the treatment condition and the potential outcome for all
individuals if they were exposed to the untreated condition (Winship & Morgan, 1999). In

randomized studies, the ATE is E[Yi; ] - E[Yié ], but this is not true in observational studies because
the assumption that E[Y;] = E[Yié] and E[Y,E] = E[Y,;] cannot be made. Further, while in
randomized experimental designs, the ATT, defined as E[YitT 1- E[Yﬁ ], is identical to the ATE, this

is not necessarily true in observational studies. Therefore, the estimator Yi; —Y,é of the ATE (i.e.,

the difference between the means of the observed outcomes of the treated and control group
individuals) will only be unbiased if the assignment to the treatment is independent of the potential

outcomes. More formally, T L {Yit ,Yic} | X where Yit is the potential outcome if treated, Yic is the

potential outcome if untreated, X is the all potential confounders, and T is the treatment assignment.
This condition is known as the strong ignorability of treatment assignment (SITA) (Rubin, 1974). It
is also necessary that the stable unit treatment value assumption (SUTVA) is met, which requires
that the potential outcome of one unit is not affected by the particular treatment assignment or
potential outcomes of other units (Rubin, 2007). In observational studies, both SITA and SUTVA
may be violated, which leads to biased estimates of the ATE and poor internal validity of the study
(Shadish, 2002). In observational studies, PS methods are used to attempt to achieve strong
ignorability of treatment assignment, under the assumption that SUTVA holds, by balancing the
distributions of observed covariates between treatment and control groups. Violations of SUTVA,
for instance, whena parent’s decision to enroll the student in an educational intervention is affected
by the enrollment status of the his/her classmates, require special considerations in the estimation of
propensity scores and implementation of the PS methods that are discussed elsewhere (Arpino &
Mealli, 2011; Hong & Hong, 2008; Thoemmes & West, 2011; Leite et al., 2015).

Propensity Score Methods for Reducing Selection Bias in ATE

The use of any PS method requires a multiple-step process that starts with selecting observed
covariates related to both selection into treatment conditions and the outcome (see Brookhart et al.,
2006, for a discussion of variable selection). The second step is to estimate propensity scores, which
is most commonly accomplished with logistic regression, but other parametric or non-parametric
models (McCaffrey et al., 2004) can be used. The third step is to evaluate the common support area
of the estimated propensity scores, which is the area of the propensity score distribution where
values exist for both treatment and control groups (Guo & Fraser, 2010). Lack of common support
for a particular area of the propensity score distribution restricts the generalizability of the estimates
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only to the sub-population for which common support exists. The fourth step is to verify the balance
of the distribution of covariates given the propensity score method of choice. The fifth step is to
combine the PS method with either parametric or non-parametric estimators of the ATE and its
standard error and reach conclusions about the statistical significance of the ATE. The last step is to
evaluate the sensitivity of the results to the possible omission of important covariates (Rosenbaum,
2010).

Combining propensity scores with parametric, model-based estimators of the ATE (Ho et al., 2006)
has the advantage of reducing bias of the ATE estimates because it allows the researcher to evaluate
complex hypotheses about the outcome with linear models, generalized linear models, mixed-effects
models, and structural equation models. Propensity score methods can be incorporated into model-
based estimation by creating weights, which are used similarly to sampling weights in model
estimation from finite survey samples (Leite, 2016). Below, we describe commonly used propensity
score methods and the calculation of weights with each method.

Inverse Probability of Treatment Weighting

Inverse probability weighting was introduced around the middle of the 20th century by Horvitz and
Thompson (1952) to account for the effect of the sampling design in survey estimates. Robins et al.
(2000) extended this concept to IPTW, to control for selection bias in observational studies. The idea
behind IPTW is to weight subjects by the inverse of the conditional probability of being in the group
that they are actually in. Formally, let T; be the treatment indicator, with T, =1 indicating a member

of the treatment group and I; =0 indicating a member of the control group. € is the estimated

propensity score. To estimate the ATE, for individual i the weight wi is (Stuart, 2010):
- T, =T

& 1-6

i (1)

IPTW creates a pseudo population where observations are replicated based on the weights so that
participants not only account for themselves, but also for those who have similar characteristics in
the other group (Hernan et al., 2004). Neugebauer and van der Laan (2005) discovered that the
performance of IPTW depends on the experimental treatment assignment assumption, which
requires all of the weights to be different from zero. They also found that if any treatment probability
is close to zero, the new weighted sample may not represent the target population.

Truncated Inverse Probability of Treatment Weighting

The IPTW method has been criticized for its performance when the weights or propensity scores are
extreme (Freedman & Berk, 2008). The extreme weights create overly influential observations and
inflate the sampling variability of estimates. Several researchers came up with different solutions to
solve this problem. Bembom and van der Laan (2008) developed a data-adaptive selection of
truncation level for IPTW estimators. They were able to gain up to 7% efficiency in the mean square
error of estimates. Freedman and Berk (2008) replaced the weights greater than 20 with 20 and
trimmed observations greater than 20. However, they concluded that neither method could reduce
the selection bias. Sturmer et al. (2010) found that trimming up to propensity scores that are more
extreme than 2.5 and 97.5" percentiles reduces selection bias compared to not trimming any
observations and trimming more observations. Crump et al. (2009) proposed estimating the ATE
using only the subsample of the data that meets the optimal selection rule to reduce the asymptotic
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variance of the treatment effect estimation without introducing additional bias to the ATE estimate.
The optimal selection rule simply puts upper and lower bounds to keep observations without
extreme propensity scores. Researchers also concluded that [.1, .9] the thumb selection rule works
as well as the optimal selection rule when the propensity scores follow various beta distributions.
Instead of dealing with possible extreme weights that extreme propensity scores would cause, we
suggest a more straightforward approach to deal with unintended consequences of extreme weights.
After IPTW weights are calculated, truncated inverse probability of treatment weights are obtained
by truncating weights that are greater than the 99" percentile of the IPTW. Those extreme weights
are truncated to the value of the weight that represents the 99" percentile.

Propensity Score Stratification

PSS consists of creating strata containing similar individuals with respect to propensity scores
(Stuart, 2010), where each strata should contain at least one treated and one untreated individual.
PSS is usually accomplished by dividing the distribution of propensity scores into intervals of equal
size. Stratification based on a single covariate to reduce selection bias was proposed by Cochran
(1968). However, Rosenbaum and Rubin (1984) showed that stratification into five strata based on
propensity scores reduces about 90% of the selection bias. In applied social science research,
Thoemmes and Kim (2011) found that most studies use between 5 and 10 strata. Obtaining strata to
estimate the ATE requires that all members of the sample are placed into a stratum, while stratum
containing only untreated observations may be dropped in the estimation of ATT. Furthermore,
estimating ATE requires the cases to be weighted by the number of individuals in each stratum
based on the following formula:

W =0-5{Ti ”—f+(1—ﬂ>”—j @
n, n

S

where subscript s indexes the strata membership, t and c index the treatment status. N° is the sample
size of stratum s, n; represents the number of treated participants in the stratum s, and ng

represents the number of untreated participants in stratum s. In contrast, ATT weights are created
with respect to the number of treated individuals in each stratum.

Optimal Full Matching

Full matching is a method of stratification in which the number of subclasses is shaped based on the
observed data (Leite, 2016). When picking a treated unit and a control unit randomly from the same
subclass, the expected difference between those two with respect to a certain measure of distance is
A . The OFM algorithm was established based on network flow theory to minimize A within
matched sets by finding a minimum cost flow for the whole sample (Rosenbaum, 1989: 1991). If OFM

is the distance between

is most frequently performed with propensity scores, where A; = ‘én €.

the propensity scores of the participant i of the treatment group and the participant j of the control
TC
group. Rosenbaum (1991) found that there is always a full matching that is optimal so that ZA” is
i
minimized where T is the number of treated participants, and C is the number of control participants
in a sample. Estimating the ATE with OFM requires weights calculated like in PSS (see Equation 2).
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Marginal Mean Weighting through Stratification

Hong (2012) proposed MMWS to adjust each treated or control unit as if the sample had been
randomly assigned to treatment within each stratum. In combination with strong ignorability of the
treatment assignment assumption, the weighted data is representative of a pseudo-population
where treated and control groups are equivalent with respect to covariates. The following formula
represents how weights are calculated:

w =T, Pf(T=1)%+(1—Ti)Pr(T:O)% 3)

S S

where Pr(T=1) and Pr(T=0) are the proportion treated and untreated in the entire sample,

respectively, and the other terms are as defined previously.
Marginal Mean Weighting through Full Matching

We propose MMWEM as a direct extension of MMWS. This method requires weighting observations
using Hong’s (2012) approach but obtaining strata based on the OFM rather than the PSS method.
Once strata are shaped using OFM, weights are calculated using the Equation (3) rather than the
Equation (2).

When we compared PSS to MMWS and OFM to MMWEM, we discovered that using the original
weights or marginal mean weights produced the same ATE and standard error of the estimated
ATE. This is because only a single term differs between the weight in Equation 2 for PSS and
Equation 3 for MMWTS-PSS. The 0.5 constant in Equation 2 specifies that half of the sample would
receive each condition if there is no selection bias. On the other hand, marginal mean weights in
Equation 3 contain Pr(T =1) and Pr(T =0), which are the marginal proportions of individuals who
received treatment or control conditions. We found that both PSS weights and MMWS weights have
exactly the same relationship across strata, and the same is true for OFM compared to MMWFM.
Therefore, MMWS and MMWEM are excluded from further analyses, and results obtained from PSS
and OFM are generalizable to the MMWS and MMWEM, respectively. On the other hand,
conditioning on propensity score creates a difference between the PSS and MMWS as well as OFM
and MMWEFM due to the propensity score differences across strata.

Covariance Adjustment (CA)

The intuitive need for the covariance adjustment (CA) using propensity score comes from the double
robustness property. Observed covariates included in the propensity score estimation model can
also added into parametric or non-parametric estimators of ATE (Robins & Rotnitzky, 2001; Funk,
et al., 2011). Controlling for the same covariates in both treatment assignment and outcome models
protects against misspecification of either the propensity score model or the outcome model (but not
both simultaneously). CA using the propensity score is commonly used in medical research by
including the treatment indicator and the propensity score in the outcome regression model.
(Weitzen et al., 2004). CA is recommended in the standards of the What Works Clearinghouse (U.S.
Department of Education et al., 2013) for quasi-experimental educational studies in addition to
matching cases on values of baseline covariates. CA using the propensity score by itself without
implementing any propensity score method is not recommended because it implies that the
propensity score is linearly related to the outcome, and the estimated coefficient of the treatment
indicator cannot be interpreted as the ATE (Schafer & Kang, 2008). Furthermore, Austin et al. (2007)
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concluded that using only CA with the propensity score can result in a biased treatment effect
estimation. We utilize CA with the propensity score combined with the PS methods that we
investigate throughout the paper. In this combination, CA is expected to improve inferences by
removing small residual covariate imbalances between treatment and control groups not removed
by the PS method (Stuart, 2010). We add “-CA” to the abbreviation for propensity score method to
indicate the covariance adjustment extensions of original propensity score methods as IPTW-CA,
TIPTW-CA, PSS-CA, MMWS-CA, OFM-CA, and MMWEM-CA.

As we have discussed earlier, Equations 2 and 3 differ by a single term in the weight equation, and
individuals in the same strata and treatment condition will be weighted by the same number, so the
relationships between strata remain constant. Hence, the ATE and standard error estimates will
remain constant if either Equation 2 or 3 are used to calculate weights. However, PSS-CA and
MMWS-CA, or OFM-CA and MMWFM-CA do not behave equivalently because individuals do not
necessarily have the same or linearly transformed propensity score in a stratum.

Estimation of Treatment Effects

Once weights are calculated with Equations 1, 2, or 3, the ATE can be estimated as the difference
between weighted means (Schafer & Kang, 2008; Lunceford & Davidian, 2004):

nt Ne
Z\Nit Yit Zch Yic
izl i

A=A

T oon n,
2 W, 2 W
i1 =

(4)

where W, , W, and Y, , Y. are weights and outcomes for treated and control group participants,

respectively. Alternatively, the treatment effect can be obtained by fitting the weighted regression
model Y; = B, + BT, + €, where Y; is the outcome, f3, is the intercept, B, is the ATE, and €; is the
residual (Leite, 2016).

Standard Error Estimation
Weighted Least Squares Regression

Weighted least squares regression (WLS) can be used to obtain ATE estimates and standard errors
with all PS methods presented above (Schafer & Kang, 2008). Standard errors with WLS are
estimated with the following formula (Fox, 2008):

Taylor Series Linearization

Several other methods can be used to obtain standard errors of ATE estimates from PS methods,
such as Taylor Series Linearization, Jackknife, and Bootstrapping (Rodgers, 1999). These methods
are used extensively in finite sample surveys but have not been researched extensively with PS
methods. Taylor series linearization (TSL) can be used to obtain the variance of a statistic via
approximating the estimator by a linear function of observations (Wolter, 2007). Formally, let
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U, (ATE) be a function of the data for observation i and ATE, and the true population ATE" solves

the following equation:

N
ZUi(ATE*) =0 (6)

i=1
Then, in a complex sample we are able to define A'?'E as solving the weighted sample equation:
N v
ZUi(ATE) =0 ()
i=1

The variance of the ATE is defined as follows, applying delta method (Binder, 1983):

,l A A 71

" A 5 oU. (ATE) Il A 50U, (ATE)
var[ATE] = ————~ | cov U (ATE —_— 8
LATE] Z:‘ OATE {ZL‘ { )} Z; OATE ®)

A

For the observation i, let B, be the intercept, B, be the slope of the regression equation where B, is

estimated ATE, W, be the weight, and X be the mean of x. Using Taylor series linearization, the
standard error of ATE is defined as (Lohr, 1999):

V(Zn:W. (yi - B0 - é1Xi)(xi _i)
SE(B)= |[—2 =

Jackknife

JK and bootstrapping are both based on resampling from the original data. The most common
implementation of the jackknife is the delete-1 jackknife, where at each iteration, one member of the
sample is removed randomly, and the parameters of interest are estimated using replicated weights,
which are re-calculated after removing the observation. For delete-1 jackknife, let the wi be the initial
weight for an observation i and 7 be the sample size. Depending on the PS method selected, wi may
be IPTW weight obtained from Equation 1 or truncated weights:

0 if the observation unit i is deleted at iteration k

Wy = (10)

Llw if the observation unit i is not deleted at iteration k
n —

At each iteration, the ATE ( 1« ), which is the parameter of interest, is re-calculated. The standard
error will be as follows (Lohr, 1999):

SE(B) = \/” 12( 1)
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Comparison of Propensity Score Methods

Gu and Rosenbaum (1993) and Cepeda et al. (2003) found that optimal matching consistently
outperforms matching with a greedy algorithm, which is the most commonly used algorithm for PS
matching. Austin (2009a) found that matching on the propensity score within a specified caliper and
IPTW methods removes more systematic differences between groups than PSS and covariance
adjustment. Austin (2010a) also found that IPTW-CA method works better than PSS, matching on
propensity score, IPTW, and covariance adjustment methods in terms of bias, variance estimation,
coverage of confidence intervals, mean squared error, and Type I error rates. However, Austin only
compared these methods under the condition of a binary outcome. Furthermore, Austin (2009b)
evaluated standard error estimation methods for propensity score matching and found that methods
that considered the matched nature of the data resulted in a smaller bias of standard errors and
actual Type I error rates closer to the nominal Type I error rate. Leite et al. (2019) compared IPTW,
OFM, and MMWS for the estimation of treatment effects of multivalued treatments and discovered
that IPTW produced the lowest level of bias, followed by OFM and MMWS. They also found that
standard errors of treatment effects were unbiased with IPTW but overestimated with OFM and
MMWS regardless of whether TSL, JK, or bootstrapping had been used to estimate them. As
summarized above, several studies have compared the relative performance of numerous PS and SE
estimation methods in the literature. However, each specific research includes only a few methods.
Very little is known about the performance of TIPTW and MMWEM compared to the performance
of IPTW, PSS, MMWS, and OFM. Moreover, very few studies exists regarding -CA extensions of
those PS methods combined with SE estimation methods. This study will fill the gap in the literature
in three ways. Firstly, the performance of two not widely used PS methods (i.e,, TIPTW and
MMWEM) will be compared to more commonly used PS methods (IPTW, PSS, MMWS, OFM).
Secondly, the performance of the -CA extensions of PS methods will be evaluated. Lastly, the
performance of various SE estimation methods in combination with PS methods will be evaluated
on a large scale. Given the scarcity of comparisons between these PS methods, the following research
questions will be addressed in the current study:

1. Which propensity score method (IPTW, TIPTW, PSS, MMWS, OFM, and MMWFM)
performs best with respect to unbiased estimation of ATE under conditions with different
sample sizes and proportions treated?

2. Does the covariance adjustment using estimated propensity scores improve the performance
of the propensity score methods (IPTW-CA, TIPTW-CA, PSS-CA, MMWS-CA, OFM-CA, and
MMWEFM-CA) with respect to the estimation of the ATE?

3. Which method (WLS, TSL, and JK) produces the most accurate standard errors when in
combination with different propensity score methods?

4. Which propensity score method and standard error estimator combinations lead to the most
power to detect the ATE?

Method

Data Simulation
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In order to answer the research questions, a Monte Carlo simulation study was conducted using the
R program (R Development Core Team, 2011). In order to obtain realistic population parameters to
simulate data, we took estimates from the 2007-2008 School Survey on Crime and Safety (SSOCS)
survey results (National Center for Education Statistics, 2010). The treatment variable was whether
an outside school disciplinary plan was available, and the outcome was the total number of students
involved in specified offenses. The covariates were the number of students transferred from another
school, the typical number of classroom changes, the percentage of students below the 15th
percentile in standardized tests, and the total number of transfers to specialized schools.

We generated multivariate-normally distributed covariates for the simulation study using the MASS
package in R (Venables & Ripley, 2002). The first step of data simulation was to simulate the

covariates le Xgi , X3i1 X4i , which were normally distributed with population means of zero and

population covariance matrix (obtained from SSOCS dataset) equal to:

1.00 .145 -004 .125
145 1.00 .001 .467
-.004 .001 100 .061
125 467 .061 1.00

(12)

Secondly, we simulated residuals of the outcome regression. Residuals were simulated from a
normal distribution with the mean of zero and the standard deviation of 166.278. The population
standard deviation of the residuals was defined so that the population R? for the outcome regression
was .211. Once the covariates and the residual of the outcome were simulated, we obtained the

potential control outcomes Yc and potential treatment outcomes Y; forallindividuals in the sample

based on following equations:

YCi :ﬂo +ﬂ1X1i +182X2i +183X3i +ﬂ4x4i +€

Y, =Y, + ATE 13)

The population values of the coefficients fo, f1, B2, f3, and ps were 0, 16.221, 58.642, 15.704, and 33.601.
The population value of the ATE was 20, which corresponds to a Cohen’s effect size of .085,
indicating that this is a small effect. The next step was to determine which individuals in the
simulated samples were exposed to treatment. The population model for treatment assignment was:

logit(P(T; =1] X;;, X,i, X5, X)) =log(rt / (L-rt)) + 5, + 7, Xy + 7, Xy + 73 X5 + 7, X, (14)

where the population values of 7,7, 7, andy, were 0, .127, .137, .166, and .101, and rt is the

proportion treated. The strength of the selection bias was defined based on the McKelvey and
Zavoina pseudo R? (1975), and its population value for the simulated data was .028. We included
the odds of being in the treated group rt/(1—rt) in the treatment assignment model to control the

proportion treated.

We manipulated sample size and the proportion of treated individuals only because those two
characteristics (i.e., total sample size and the size of the treatment group relative to the total sample
size) guide many researchers in terms of a quantitative research design. Monte Carlo simulation
studies to compare PS methods by Gu and Rosenbaum (1993), Freedman and Berk (2008), and
Austin (2009a) used 1000 as the only sample size. By manipulating the sample size, we were able to
determine whether there were differences between the PS methods in terms of power to test the
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ATE. We simulated data with sample sizes equal to 500, 1000, and 2000.

We generated data where the proportion of the treated sample was set at 1/10, 1/7, 1/4, 1/3, and 1/2.
These conditions are an extension of Gu and Rosenbaum’s (1993) study, which only examined ratios
of 1/7, 1/4, and 1/3.

We did not manipulate the number of covariates because Gu and Rosenbaum (1993) concluded that
as long as the treatment assignment mechanism is modeled completely, the number of covariates
does not affect the performance of the propensity score method, except for the potential problems
of multicollinearity of covariates and convergence problems. We used four continuous covariates
related to both the outcome and treatment assignment in this simulation study. Since we simulated
data based on four covariates and estimated propensity scores using all four covariates, the
assumption that the treatment assignment is modeled completely was met for all conditions in the
study. Manipulated conditions in the data simulation are summarized in Table 1.

Table 1
Summary of the Manipulated Conditions in Data Simulation
Condition Levels
Sample size 500, 1000, and 2000
Proportion of treated individuals 1/10,1/7,1/4,1/3, and 1/2

Estimation of ATE and Standard Error

We simulated 1000 datasets per condition and analyzed the simulated datasets according to four
steps for each dataset: 1) Estimate the PS for each individual using logistic regression; 2) Calculate
the area of common support; 3) Estimate the ATE and standard error, ignoring selection bias to
represent the baseline with an unweighted OLS regression model; 4) Implement propensity score
methods. Using Equation 16, we estimated ATE with IPTW. After implementation of IPTW, we
replaced the weights greater than 99" percentile of the IPTW with the 99 percentile to create TIPTW
weights. In order to implement PSS, we grouped the treated and control individuals into five strata,
based on similarity in PSs using the Matchlt package (Ho, et al., 2007) in R. We used five strata in
that it is the most commonly-used number of strata in applications of PS methods in the social
sciences (Thoemmes & Kim, 2011). In order to implement MMWS, weights were estimated using
Equation 3. For the OFM method, we stratified the treated and control individuals based on
similarity into a data-defined number of strata using the OFM algorithm implemented in the optmach
package (Hansen & Klopfer, 2006) in R. In order to implement MMWEM, the same strata of OFM
were used, but weights were calculated using Equation 11.

The ATE was estimated with weights using Y, = B, + BT, +€,, where f, is the ATE. To add
covariance adjustment, we estimated the ATE with the model Y; = £, + BT, + B,PS + €& where PS is

the propensity score included as a covariate. ATE estimates with WLS standard errors were obtained
using the Im function in R, while TLS standard errors and delete-1 JK standard errors were obtained
with the svyglm function of the survey package (Lumley, 2011) in R.

Analysis

To measure the common support area of the propensity score, we used an overlap measure similar
to Cohen’s (1988) U, function, which is the proportion of non-overlap of the distributions. Let A

and C be the non-overlap area at the lower and upper ends of the logit of propensity scores, and B
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be the overlap area. Then,

A+C

__ A+t 1
' A+B+C (15)

where increases in U: correspond to decreases in the area of common support. In the simulated
conditions, the mean U: ranged from .001 to .604 with the mean and standard deviation of .190 and
.091, respectively. As the sample size or the proportion of the treated increased, the overlap also
improved.

We compared the PS methods in terms of relative bias of ATE estimates and percent bias reduction.

The relative bias of the ATE was calculated with B(0)=(0-0)/ 9, where 0 is the mean of the ATE

estimates for all iterations of one condition, and € is the population ATE. If the absolute value of

B(9) is larger than .05, the bias is considered unacceptable (Hoogland & Boomsma,
1998). We also evaluated the percent bias reduction, which is defined as:

the estimated

PBR(é) _ B(e)basBel(lrg)_ B(g) method x100 (16)
baseline

where B(8),.moa is the mean relative bias of using a particular method, and B() e is the initial

bias (Cochran & Rubin, 1973; Steiner et al., 2010). To be consistent with the Cochran and Rubin (1973)
cutoff, we expected a PS method to remove at least 90% of the initial bias to be considered successful.

We also compared the standard error estimation methods in terms of the relative bias of standard
errors. The relative bias of the standard error is B(S,) = [S, 5 SD(H)]/ SD(H), where S ; the mean

of the estimated standard errors of ATE is and SD(Q) is the empirical standard error, which is the
standard deviation of estimated ATE. If the absolute value of the estimated B(Sé) was larger than

.10, the bias was considered unacceptable (Hoogland & Boomsma, 1998). For the methods that
provided accurate ATE and standard error estimates, we estimated the power to test the ATE by
calculating the proportion of ATE that were statistically significant at o =.05 level for each
condition.

Results

Comparison of Propensity Score Methods

We estimated the relative and the percent bias reduction for each one of the six propensity score
methods. We ran two split plot ANOVAs where the relative bias of the estimated ATE and
proportion bias reduction in the Estimated ATE were the outcome, the propensity score method was
the within subjects factor, while sample size and the ratio of treated to untreated participants were
between subjects factors. All possible interactions were also included. We used the generalized eta
squared (7%) as a measure of effect size to compare manipulated conditions. The propensity score
method factor had 7°=.023, and all other effect sizes were smaller than .01, indicating that relative
and proportion bias reduction performance of PS methods are very similar at simulated sample sizes
and proportion of treated individuals for any given PS method. Therefore, we collapsed the relative
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bias results across sample size and treated to untreated ratio and show the relative bias and percent
bias reduction in Table 2.

Table 2
Relative Bias and Percent Bias Reduction of the ATE Estimates by PS Method
Outcome model without covariance Outcome model with covariance
adjustment adjustment
ATE Estimation Relative Bias ~ Percent Bias Reduction = Relative Bias Percent Elas
Method Reduction
IPTW 0.001 99.97% -0.001 100.16%
TIPTW 0.086 92.54% 0.017 98.59%
PSS 0.116 89.96% -0.002 100.24%
MMWS 0.116 89.96% -0.004 100.37%
OFM 0.009 99.30% 0.002 99.90%
MMWFM 0.009 99.30% 0.002 99.90%

Note. The baseline relative bias across all iterations was 1.153.

We found that TIPTW, PSS, and MMWS methods exceed the .05 relative bias criterion with relative
bias of 0.086, 0.116, and 0.116, respectively. In addition, PSS and MMWS removed close to 90% of
bias, while IPTW, OFM and MMWEFM removed almost 99% of bias. Truncation reduced bias
removal, and TIPTW removed around 92% of bias. Therefore, the relative and the percent bias
reduction obtained with IPTW, TIPTW, OFM, and MMWEFM were within acceptable levels. We also
observed that the covariance adjustment with the propensity score improved the accuracy of the
ATE estimates in all PS methods investigated; therefore, all of the propensity score methods, in
combination with covariance adjustment, provided acceptable levels of relative bias and percent
bias reduction in ATE estimates.

Comparison of Standard Error Estimation Methods

When examining the standard error estimates, we observed that some standard error estimates were
unbiased while others were not. In order to investigate factors affecting the relative bias of the
standard error estimates, we ran a split-plot ANOVA where the outcome was the relative bias of the
standard error estimates, the between subjects factors were sample size and proportion treated, and
within subjects factors were the PS method, the standard error estimation method, and covariance
adjustment. We compared conditions based on the eta squared effect size measure (Olejnik &
Algina, 2003). Table 3 shows the summary ANOVA table for the factors affecting the bias of the
standard error estimates.

Table 3
Summary Effect Size Estimates for the Relative Bias of the Standard Error Estimates
Source 7
Between Subject Effects
Ratio 0.109
Within Subject Effects
PS Method 0.035
PS Method * Ratio 0.017
Covariance adjustment 0.047
standard error Method 0.327
standard error Method * Ratio 0.122
PS Method * standard error Method 0.062
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PS Method * standard error Method *Ratio 0.030
Note. Effects that are smaller than .01 are not reported.

Results indicated that the standard error estimation method greatly affected the relative bias of the
standard error estimates with generalized 1iof .327. However, there is also an interaction of the
standard error estimation method and the proportion treated, which had a generalized 77 of .122.
The proportion treated had a generalized 77 of .109. In addition to these effects, we have also
observed various small effects. First, the two-way interaction regarding the PS and standard error
method had a generalized 7 of .062. Second, the three-way interaction of PS method, standard error
method, and proportion treated had a generalized 77of .030, and lastly, PS method and covariance
adjustment had minor effects with a generalized 7 of .035 and .047. Given that the main effect and
interactions involving sample size were negligible, we collapsed the relative bias of the standard
errors over the three sample sizes.

Figure 1
Relative Bias of the Standard Error Estimates by Treated Ratio with IPTW and TIPTW
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Figure 2
Relative Bias of the Standard Error Estimates by Treated Ratio for Stratification-Based PS Methods
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Relative biases of the standard error estimates are summarized in Figure 1 and Figure 2. We found
that TSL and JK provided similar standard errors across all simulated conditions. The relative bias
of the standard errors using TSL and JK methods for any PS method by proportion treated ranged
from -.024 to .177 with the mean of .058. Most of this relative bias of the standard error estimates did
not exceed the (-.1,.1) range, but as the proportion treated increased from 0.1 to 0.5, we found that
TSL and JK tended to overestimate the standard errors marginally to moderately. However, adding
covariance adjustment to the outcome model for each PS method reduced the bias of the standard
error estimates down to acceptable levels. Overall, TSL resulted in slightly less biased standard
errors than JK. WLS standard errors ranged from -.585 to .117 with the mean of -.146. WLS
underestimated standard errors with the lowest three proportions treated except MMWS-CA and
some PS methods when the simulated ratio was .25. The MMWS-CA method with all three standard
error estimation methods provided acceptable standard errors under any simulated condition. As
the proportion treated increased from 0.1 to 0.5, we saw a quadratic improvement in relative bias of
the estimated standard errors. PS methods based on weighting with covariance adjustment in the
outcome model combined with WLS estimation provided marginally more biased standard errors
than PS methods without covariance adjustment. This relationship was inverted on the matching-
based PS and MMWT methods providing less biased estimates compared to non-MMWT methods.
When the proportion treated was 0.5, WLS provided less biased standard errors than TSL and JK
across all simulated conditions.

Considering that some of the PS method and standard error estimation method combinations
provided biased standard errors for various simulated conditions, we restricted the examination of
power to PS methods with outcome model with covariance adjustment combined with standard
error estimation with TLI and JK because they removed the initial bias and provided unbiased
standard errors across all simulated conditions.
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Figure 3
Power to Detect the ATE as a Function of Treated Ratio, Sample Size, and Propensity Score Method
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Based on the results plotted in Figure 3, we observed that the sample size and proportion treated
are the two most important factors affecting power. As the design gets balanced or sample size
increases, all PS methods with covariance adjustment paired with TSL and JK standard error
estimation provided increased power. We have also observed that the increase in power as the
design gets balanced was greater for larger sample sizes. In order to compare the power of TSL and
JK in combination with six PS methods with covariance adjustment in the outcome model, we
collapsed the power across the proportion treated and sample size. We found that the overall
differences in power with TSL and JK standard error estimation methods with different PS methods
were less than .01 in favor of the TSL. Finally, we collapsed the power across the proportion treated,
sample size, and standard error estimation method to observe the overall differences among the PS
methods. Results indicated that MMWEM-CA and OFM-CA were the least powerful procedures,
with averaged power of .266 and .267, respectively. The remaining four PS methods were more
powerful, with the overall power levels ranging from .339 to .349.
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Discussion and Conclusion

We investigated the appropriateness of the ATE estimate (i.e., relative bias and percent bias
reduction), the standard error for the ATE estimate (i.e., relative bias), and power for different
combinations of estimations methods and standard error estimation methods. Our first research
question was about the appropriateness of ATE estimates using different PS methods. With IPTW,
we observed that all of the initial bias was removed. Trimming the extreme values greater than the
99th percentile of the IPTW weights (i.e., TIPTW) performed acceptably but poorer than IPTW. This
finding is consistent with the findings of Austin (2009a; 2010a), whereas contrast to findings of
Freedman and Berk (2008) and Sturmer et al. (2010). In both Freedman and Berk (2008) and Sturmer
et al. (2010), data was simulated in such a way that the extreme weights were highly influential
regarding the treatment effect estimate. In our study, weights greater than 20, which was the
trimming rule investigated by Freedman and Berk (2008), occurred in less than 1% of the simulated
iterations. Furthermore, we only trimmed the upper end of the weight distribution. The poorer
performance of the TIPTW as compared to the IPTW is due to the fact that cases with large weights
in the control group are similar to the treated group concerning covariate distributions. Therefore,
cases with large weights are most important in balancing covariate distributions. Given these new
results and the existing literature, it is recommended that applied researchers examine their weights
to determine whether extreme weights occurred and how extreme they are and to compare estimates
with and without truncating extreme weights.

Parallel to findings from Gu and Rosenbaum (1993) and Cepeda et al. (2003), we observed that OFM
removed almost all of the initial bias in the ATE estimate. Similar to the findings from Cochan (1968)
and Rosenbaum and Rubin (1984), PSS with five strata removed about 90% of the initial bias. Austin
(2009a; 2010a) and Lunceford and Davidian (2004) concluded that IPTW removes more systematic
differences compared to PSS, whichwas observed in our study as well. OFM outperformed PSS as
expected because OFM is a type of stratification into a maximum number of strata containing at least
one treated and one untreated observation. As we expected, based on the definition of marginal
mean weights, results from OFM and MMWFM,, and PSS and MMWS were identical. Similar to the
findings of Austin (2010a) and claims of Stuart (2010), performing covariance adjustment for the
propensity score in the outcome model after applying a propensity score method removed more
systematic differences for methods with poorer performance (i.e., TIPTW and PSS). However,
adding covariance adjustment had no effect on the methods that removed almost all of the initial
bias (i.e., IPTW and OFM). Therefore, we observed minimal differences between OFM-CA and
MMWEM-CA as well as between PSS and MMWS-CA. All of the PS methods investigated with
covariance adjustment removed almost all of the initial bias of the ATE.

Our second research question was about obtaining accurate standard error estimates using different
combinations of PS methods and standard error estimation methods for different combinations of
proportion treated and overall sample size. Our ANOVA indicated that PS method, standard error
method, covariance adjustment, and the proportion treated affect the accuracy of the standard error
estimates. First of all, we observed a severe under-estimation of the standard errors using WLS for
the smallest two simulated ratios for all PS methods except MMWS-CA. As the proportion treated
approaches 0.5, the bias of standard errors with WLS declined. Comparing TSL and JK, we observed
that the standard errors were similar to each other, but TSL standard errors were marginally less
biased than JK standard errors. Third, we observed marginally or moderately over-estimation of
standard errors using TSL and JK when the proportion treated was 0.5 in combination with any of
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the PS methods. The overestimation was not extreme but large enough to make the significance test
of the treatment effect artificially conservative. When we included the propensity score as a covariate
in the treatment effect estimation model, we observed improvement in the accuracy of the standard
errors regardless of the combination of PS method, standard error estimation method, and
proportion treated. The improvement was not large enough for WLS standard errors to become
unbiased, but all of the TSL and JK standard errors were unbiased when covariance adjustment was
used under all simulated conditions. Therefore, we conclude that WLS standard errors should not
be used with PS weights. However, WLS is a default in some software when weights are provided,
such as the Im function in the R software package, so applied researchers must be careful about how
weights are handled in standard error estimation. This study did not examine bootstrapping
methods to estimate standard errors, but because of its similarity to jackknife, it is reasonable to
expect it to perform similarly.

Given the results of this study, we recommend models for estimation of the ATE with PS weights
and additional propensity score covariance adjustment because it not only provided additional bias
removal of ATE estimates but also improved estimates of standard errors. However, a limitation of
the simple outcome model used in this simulation study for covariance adjustment is that it assumes
that the propensity score is linearly related to the outcome. In practice, it is safer to avoid this
assumption by also including the square and cube of the propensity score in the model or dummy-
coded strata of the propensity score. Furthermore, the outcome model should be expanded to
include covariates that are strongly related to the outcome, such as a pre-test outcome measure, since
it would reduce residual variability and increase power. An expanded outcome model with key
covariates also has the double-robustness property, where bias may be removed by the covariates
being correctly modeled in either the PS model or the outcome model. One advantage of PS
weighting methods is that they can be used in combination with any outcome model as long as an
estimator that incorporates weights, such as pseudo-maximum likelihood estimation (Asparouhov,
2006), is available.

Direct adjustment of the propensity score or covariates in the outcome model in addition to PS
weighting is recommended because it is simple to implement and familiar to applied researchers.
However, other doubly robust estimators of the ATE are available, which are described in Bang and
Robins (2005), Kang and Schafer (2007), and Lunceford and Davidian (2004). Future research could
compare these doubly robust estimators regarding bias reduction and robustness to model
misspecification.

This study is also limited in that it only looked at conditions where SUTVA is met. Research on how
to handle violations of SUTVA has been incipient, with Hong and Raudenbush (2006) being a rare
example where SUTVA is addressed directly. Besides, datasets in educational research commonly
have a clustered structure. However there have been few studieson propensity score weighting
methods for data with multilevel structure, such as Arpino and Mealli (2011), Leite et al. (2015), and
Thoemmes and West (2011),which means future research should expand on this area. Further
research may include different data structures with distinct covariance matrices and covariate
distributions.
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Ortalama Islem Etkisi Kestiriminde Se¢im Yanliligin1 Gidermek Igin Egilim Puani Agirliklandirma Metotlarmin
Karsilastirilmasi

Giris

Ulusal Egitim Istatistikleri Merkezi (NCES, ing. National Center of Educational Statistics) ve Ulusal
Bilim Vakfi (NSF, Ing. National Science Foundation) gibi kurumlar tarafindan toplanan ve ulusal
diizeyde temsil giicii olan gesitli veri tabanlarmin mevcudiyeti nedeniyle, egitimsel islemlerin
etkilerinin ikincil veriler kullanilarak kestirilmesi egitim arastirmalarinda yaygin hale gelmistir
(Strayhorn, 2009). Ancak, bu ulusal ¢calismalarda katilimcilarin islem gruplarma atanmasi rastgele
olmadigindan, islemlerin etkilerine iliskin kestirimler hem go6zlenen hem de gozlenmeyen ortak
degiskenler nedeniyle se¢cim yanliligina agiktir (Shadish vd., 2002). Son kirk yilda, islem kosullarina
rastgele atama yapilmayan ¢alismalarda islem etkilerini kestirmek ve se¢im yanliligiyla basa ¢tkmak
i¢in gesitli metotlar ortaya ¢ikmistir (Heckman, 1978; Rosenbaum ve Rubin, 1983; Abadie ve Imbens,
2006; Heckman vd., 1997) ve bunlar toplu olarak gozlemsel ¢alismalar olarak adlandirilmaktadir.
Egilim puani metotlari, sosyal bilim arastirmalarinda gozlemsel ¢alismalarin analizinde en sik
kullanilan metotlar arasindadir (Thoemmes & Kim, 2011). Egilim puani metotlari, islem etkisi
kestirimlerindeki se¢im yanliligiyla basa ¢ikmak igin, isleme tabi olan ve olmayan katiimcilar
arasinda gozlemlenen ortak degiskenler iizerinde 6nceden var olan farkliliklar: dengelemeye caligir.
Rosenbaum ve Rubin (1983) egilim puani (PS, Ing. Propensity Score) terimini ilk kez kullanmig ve
gozlenen ortak degiskenler goz oOniine alindiginda isleme tabi olma olasiligl kestirimi olarak
tanimlamistir. Isleme tabi olmanin gézlenen ortak degiskenlere bagh olmasi durumunda, bir egilim
puan diizeyinde isleme tabi olan ve olmayan katilimcilar arasindaki gozlenen farkin, o diizeydeki
ortalama isleme tabi olma etkisinin (ATE, ing. Average Treatment Effect) yansiz bir kestirimi
oldugunu kanitlamislardir (Rosenbaum & Rubin, 1983). Egilim puanlari, gozlemleri PS'deki
benzerliklerine gore eslestirerek, gozlemleri PS'nin tersi ile agirhiklandirarak veya gozlemleri PS'ye
gore homojen gruplara ayirarak ATE kestirimindeki se¢im yanhiligini azaltmak i¢in kullanilabilir
(Stuart, 2010). Bire bir eslestirme disinda, tiim PS metotlar1 gozlem agirliklari iiretir ve bu nedenle
ornekleme agirliklandirmaya dayali kestirim metotlarina benzer sekilde islem etkisi kestiriminde PS
agirliklandirma uygulanabilir (Leite, 2016). Lunceford ve Davidian (2004), 6rnekleme literatiiriinde
(6rnegin, Lohr, 1999) tartisilan kestiricilerle esdeger olarak egilim puani agirliklandirma ve
tabakalandirma ile elde edilen islem etkisi kestiricilerini gostermektedir. Ayrica, karmasik anket
verileriyle standart hata kestiriminde kullanilan bootstrapping, jackknife ve Taylor serileri
dogrusallastirma gibi metotlar (Stapleton, 2008) egilim puani agirliklarmma sahip verilere de
uygulanabilir.

Literatiirde gesitli islem etkileri tanimlanmis olsa da (Guo & Fraser, 2010), sosyal bilimler
literatiiriinde en yaygin olarak bulunan kestirimler ortalama islem etkisi (ATE, Ing. Average
Treatment Effect) ve isleme tabi olanlar iizerindeki ortalama islem etkisidir (ATT, Ing. Average
Treatment Effect on Treated) (Thoemmes & Kim, 2011). Bir PS metodunun spesifik uygulamasi, ATE
veya ATT'nin ilgi alanina girip girmedigine baglh olarak farklilik gostermektedir. ATT'yi kestirmek
etmek icin PS metotlarinin uygulamalarimi karsilastiran birka¢ calisma yapilmistir (Gu ve
Rosenbaum, 1993; Cepeda vd., 2003; Austin, 2010b; Harder vd., 2010), ancak ATE'nin kestirimi i¢gin
baslica PS metotlarini karsilastiran bir ¢alisma yapilmamaistir. Bu nedenle, bu ¢alismanin ilk amaci,
ters olasilik agirliklandirmas: (IPTW, ing. Inverse Probability of Treatment Weighting), kesilmis
olasilik agirhiklandirmast (TIPTW, Ing. Inverse Probability of Treatment Weighting), egilim puani
tabakalandirmas1 (PSS, Ing. Propensity Score Stratification), egilim puani tabakalandirmasi
{izerinden marjinal ortalama agirliklandirmast (MMWS, Ing. Marginal Mean Weighting through
Propensity Score Stratification), optimal tam egilim puani eslemesi (OFM, Ing. Optimal Full
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Propensity Score Matching), optimal tam egilim puani eslestirmesi itizerinden marjinal ortalama
agirliklandirmasi (MMWFM, Ing. Marginal Mean Weighting through Optimal Full Propensity Score
Matching) ve bunlarin kovaryans diizeltmesi uzantilarin1 ATE kestirimlerinde se¢im yanliligin
azaltma yetenekleri agisindan karsilastirmaktir. PS metotlarini karsilastiran ¢alismalarin ¢ogu islem
etkisi kestirimine odaklandigindan ve standart hatalarin kestirimine deginmediginden, bu
¢alismanin ikinci amaci, her bir PS metoduyla elde edilen ATE kestiriminin standart hatalarini
kestirmek etmek igin agirlikli en kiigiik kareler regresyonu (WLS, Ing. Weighted Least Squares),
Taylor serisi dogrusallastirma (TSL, Ing. Taylor Series Linearization) ve jackknife (JK, Ing. Jackknife)
metotlarmi kargilagtirmaktir.

Potansiyel Ciktilar Teorik Cercevesi

Rubin'in potansiyel ¢iktilar teorik cercevesi (1974), gozlemsel calismalarda secim yanlili1 sorununu
ele almak icin yaygin olarak kullanilmaktadir. Temel ilkesi, isleme tabi olan ve olmayan bireylerin
hem iglemin varlig1 hem de yoklugunda potansiyel ¢iktilara sahip olmasidir. Ornegin, isleme tabi

olan bir i katilimcisimin gozlemlenen ¢iktisi Yi; olsun, Yﬁ ise bu katilimcinin kontrol grubunda yer
almasi durumunda ortaya ¢ikacak potansiyel ciktis1 olsun. Benzer sekilde Yié kontrol grubu

katilimcis 7 igin gozlemlenen ¢iktidir ve Yitc ise ayn1 katilimcinin isleme tabi olmasi durumunda
ortaya ¢ikacak potansiyel ¢iktidir. Bagka bir deyisle, kontrol grubu katilimcisi isleme tabi olmasi
kosulu altinda potansiyel bir ¢iktiya sahiptir. Tersine, isleme tabi olan bir katiimca ise kontrol kosulu
altinda potansiyel bir ¢iktiya sahiptir. ATE, isleme tabi olmalar1 durumunda tiim bireyler igin
potansiyel ciktilar1 ile isleme tabi olmamalar1 durumunda tiim bireyler icin potansiyel giktilar

arasindaki fark olan E[Yit]— E[Yic]’dlr (Winship & Morgan, 1999). Randomize calismalarda ATE,
E[Yi; 1- E[Yié 1°ye esittir ancak gozlemlenen ¢alismalarda E[Y,i] = E[Y,é] ve E[Y,tc] = E[Y.; Jkosullar:
saglanmadig1 icin bu esitlik saglanmaz. Ayrica randomize c¢alismalarda E[Y,; 1- E[Y; Jolarak
tanimlanan ATT, ATE’ye esittir ancak gozlemsel ¢alismalarda bu esitlik her zaman dogru degildir.
Bu nedenle ATE'nin kestiricisi olan Y_,; —Y_,é ‘nin (yani isleme tabi olan ve isleme tabi olmayan

bireylerin gozlemlenen ciktilar1 ortalamalar1 arasindaki farkin) yansiz olmasi igin isleme tabi olma
ve olmama durumlarina atanmanin potansiyel ¢ciktilardan bagimsiz olmasi gereklidir. Daha acik bir

ifadeyle, Yit’nin isleme tabi olma durumunda elde edilen potansiyel ¢ikti, Y nin igleme tabi

olmama durumunda elde edilen potansiyel ¢ikti, X'in biitiin ortak degiskenler ve T'nin isleme tabi

olma durumu degiskeni olmasi halinde T L {Yit ,Yic} | X kosulu saglanmalidir. Bu kosul, isleme tabi

olmanin giiclii ihmal edilebilirligi (SITA, Ing. Strong Ingorability of Treatment Assigmnment) olarak
bilinir (Rubin, 1974). Ayrica, bir birimin potansiyel ¢iktisinin belirli bir isleme tabi olma durumuna
atanmasindan veya diger birimlerin potansiyel ¢iktilarindan etkilenmemesini gerektiren sabit birim
isleme tabi olma degeri varsayimmin (SUTVA, Ing., Stable Unit Treatment Value Assumption)
karsilanmasi da gereklidir (Rubin, 2007). Gozlemsel ¢alismalarda, hem SITA hem de SUTVA ihlal
edilebilir, bu da ATE'nin yanl kestirilmesine ve ¢alismanin i¢ gegerliliginin zayif olmasina yol agar
(Shadish, 2002). Gozlemsel ¢alismalarda, SUTVA'min gegerli oldugu varsayimi altinda, isleme tabi
olma ile olmama gruplar arasinda gozlenen ortak degiskenlerin dagilimlarini1 dengeleyerek isleme
tabi olma grubuna atanmanin giiclii ihmal edilebilirligini saglamaya calismak icin PS metotlar:
kullanilir. Bir ebeveynin bir 6grenciyi bir egitimsel isleme tabi olmasinin kararinin égrencinin smnif
arkadaglarinin isleme tabi olma durumundan etkilenmesi gibi SUTVA ihlalleri, egilim puanlarmin
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kestiriminde ve PS metotlarinin uygulanmasinda baska yerlerde tartisilan 6zel hususlar: gerektirir
(Arpino ve Mealli, 2011; Hong ve Hong, 2008; Thoemmes ve West, 2011; Leite vd., 2015).

ATE’de Se¢im Yanliligin1 Azaltmak icin Egilim Puan1 Metotlar1

Herhangi bir PS metodunun kullanilmasi, hem isleme tabi olma kosullarina segim hem de ¢iktilarla
ilgili olan gozlenen ortak degiskenlerin segilmesiyle baslayan ¢ok adimli bir siire¢ gerektirir
(degisken secimine iliskin bir tartisma igin bkz. Brookhart vd., 2006). Ikinci adim, en yaygin olarak
lojistik regresyon ile gerceklestirilen egilim puanlarimi kestirmektir, ancak diger parametrik
modeller veya parametrik olmayan modeller de (McCaffrey vd., 2004) kullanilabilir. Ugiincii adim,
kestirilen egilim puanlarinin ortak destek alanini degerlendirmektir; bu, hem isleme tabi olan hem
de olmayan gruplar icin degerlerin bulundugu egilim puan1 dagiliminin alarudir (Guo & Fraser,
2010). Egilim puani dagiliminin belirli bir alani i¢in ortak destegin olmamasi, kestirimlerin
genellenebilirligini yalnizca ortak destegin oldugu alt poptilasyona kisitlar. Dordiincii adim, tercih
edilen egilim puani metodu goz oniine alindiginda ortak degiskenlerin dagiliminin dengesini
dogrulamaktir. Besinci adim, PS metodu ile parametrik veya parametrik olmayan kestiricilerle
birlestirerek ATE ve standart hatasinin kestirilmesi ile ATEnin istatistiksel anlamlilig1 hakkinda
sonuglara ulasmaktir. Son adim ise sonuglarin 6nemli ortak degiskenlerin olasi ihmaline karsi
duyarliligini degerlendirmektir (Rosenbaum, 2010).

Egilim puanlarinin ATE'nin parametrik, model tabanli kestirilmesi birlestirilmesi (Ho vd., 2006),
ATE kestirimlerinin yanliligini azaltma avantajina sahiptir ¢linkii aragtirmacinin dogrusal modeller,
genellestirilmis dogrusal modeller, karigik etkili modeller ve yapisal denklem modelleriyle sonug
hakkindaki karmasik hipotezleri degerlendirmesine olanak tanir. Egilim puani metotlari, sonlu
anket orneklemlerinden model kestiriminde 6rnekleme agirliklarina benzer sekilde kullanilan
agirliklar olusturularak, model tabanl kestirime dahil edilebilir (Leite, 2016). Asagida yaygmn olarak
kullanilan egilim puani metotlar1 ve her bir metotla agirliklarin hesaplanmasi agiklanmaktadir.

Ters Olasilik Agirliklandirmas1 (IPTW)

Olasilik Agirliklandirmasi, 20. ylizyilin ortalarinda Horvitz ve Thompson (1952) tarafindan anket
kestirimlerde 6rnekleme deseninin etkisini hesaba katmak igin ortaya atilmistir. Robins ve digerleri
(2000), gozlemsel calismalarda se¢im yanhiligini kontrol etmek ig¢in bu kavrami IPTW olarak
genisletmistir. IPTW'nin arkasindaki fikir, katihimcilar1 gergekte icinde bulunduklar: grupta olma

kosullu olasihiginin tersi ile agirliklandirmaktir. T; =1, isleme tabi olan bir katilimcrys, T.=0 ise
isleme tabi olmayan bir katilimciy: temsil etmek tizere; T, isleme tabi olma durumunun gosterge
degiskeni olsun. €, “de kestirilmis egilim puani olsun. ATE’yi kestirmek i¢in i katilimasinin agirhig

wi (Stuart, 2010) denklem 1’de sunulmustur.

o (1)

IPTW, gozlemlerin agirliklara gore ¢ogaltildigr sahte bir evren yaratir, boylece katilimcilar sadece
kendilerini degil, ayn1 zamanda diger gruptaki benzer 6zelliklere sahip olanlar1 da hesaba katar
(Hernan vd., 2004). Neugebauer ve van der Laan (2005) IPTW'nin performansinin, tiim agirliklarin
sifirdan farkli olmasini gerektiren deneysel isleme tabi olma atamas: varsayimma bagli oldugunu
bulmustur. Ayrica, herhangi bir isleme tabi olma olasiliginin sifira yakin olmasi durumunda, yeni
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agirlikli 6rneklemin hedef evreni temsil etmeyebilecegini bulmuslardir.
Kesilmis Ters Olasilik Agirliklandirmasi (TIPTW)

IPTW metodu, agirliklar asir1 oldugunda veya egilim puanlari asir1 oldugunda gosterdigi
performans agisindan elestirilmistir (Freedman ve Berk, 2008). Asir1 agirliklar asir1 etkili gozlemler
yaratmakta ve kestirimlerin 6rnekleme cesitliligini artirmaktadir. Bir¢ok arastirmaci bu sorunu
¢ozmek igin farkli ¢oziimler tiretmistir. Bembom ve van der Laan (2008) IPTW kestiricileri igin veriye
uyarlanabilir bir kesme seviyesi se¢imi gelistirmistir. Kestirimlerin ortalama karesel hatasinda %7'ye
kadar verimlilik elde etmeyi basarmislardir. Freedman ve Berk (2008) 20'den biiytiik olan agirliklar:
20 ile degistirmis boylelikle 20'den biiyiik gozlemleri kesmistir. Ancak, her iki metodun da seg¢im
yanliligini azaltamadig1 sonucuna varmuslardir. Sturmer ve digerleri (2010), 2,5. ve 97,5. ytizdelik
diliminden daha ug olan egilim puanlarina kadar kesmenin, hi¢bir gézlemi kesmemeye ve daha
fazla gozlemi kesmeye kiyasla secim yanhiligini azalttigini bulmustur. Crump ve digerleri (2009),
ATE kestirimine ek yanlilik getirmeden islem etkisi kestiriminin asimptotik varyansini azaltmak igin
yalnizca optimal se¢im kuralini karsilayan veri alt 6rneklemi kullanarak ATE'yi kestirmeyi etmeyi
onermistir. Optimal secim kurali, agir1 egilim puanlar1 olmayan gozlemleri tutmak icin basitge tist
ve alt siirlar koyar. Arastirmacilar ayrica, egilim puanlar gesitli beta dagilimlarini takip ettiginde
[.1, .9] temel se¢im kuraliin optimal se¢im kurali kadar iyi ¢alistig1 sonucuna varmistir. Asiri egilim
puanlarinin neden olabilecegi olas1 asir1 agirliklarla ugrasmak yerine, asir1 agirliklarin istenmeyen
sonuglariyla baga ¢itkmak icin daha basit bir yaklagim oneriyoruz. IPTW agirliklar1 hesaplandiktan
sonra, IPTW agirhiklarinin 99. yiizdelik diliminden daha biiytik olan agirliklar 99. ylizdelik dilimi
temsil eden agirlik degerine kesilerek TIPTW agirliklari elde edilir.

Egilim Puam Tabakalandirmasi (PSS)

PSS, egilim puanlari agisindan benzer olan bireyleri igeren tabakalar olusturmaktan ibarettir (Stuart,
2010); burada her tabaka en az bir igleme tabi olan ve bir isleme tabi olmayan birey icermelidir. PSS
genellikle egilim puanlarinin dagilimini esit biiytikliikteki araliklara bolerek gergeklestirilir. Se¢im
yanliligini azaltmak icin tek bir ortak degiskene dayali tabakalandirma Cochran (1968) tarafindan
onerilmistir, ancak Rosenbaum ve Rubin (1984) egilim puanlarina dayali bes tabakaya ayirmanin
se¢cim yanhhigmm yaklastk %90'm1 azalttigimi gostermistir. Uygulamali sosyal bilim
arastirmalarinda, Thoemmes ve Kim (2011) ¢ogu ¢alismanin 5 ila 10 tabaka kullandigini bulmustur.
ATE'yi kestirmek icin tabakalarin elde edilmesi, Orneklemin tiim {iyelerinin bir tabakaya
yerlestirilmesini gerektirirken, yalnizca isleme tabi olmayan gozlemleri iceren tabakalar ATT
kestiriminde ¢ikarilabilir. Ayrica, ATE'nin kestirimesi, asagidaki formiile gore her bir tabakadaki
birey sayisina goz oniine alinarak katilimcilarin agirliklandirilmasini gerektirmektedir;

W, =0-5{Ti n—f+(l—ﬂ)2—i} 2)

S S

Burada s simgesi tabaka {iyeligini, f ve c isleme tabi olma ve olmama durumunu gostermektedir. n°
, tabaka s i¢in tabaka biiytikligiinii, I"I; tabaka s’deki isleme tabi olan katilimer sayisini, ns° ise tabaka

s’deki isleme tabi olmayan katilimci sayisin1 gosterir. Buna karsin ATT agirliklar: her bir tabakadaki
isleme tabi olan katilimci sayisina dayali olarak hesaplanir.

Optimal Tam Egilim Puani Eslestirmesi (OFM)
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Tam eslestirme, alt simiflarin sayisinin  gozlemlenen verilere gore sekillendirildigi bir
tabakalandirma metodudur (Leite, 2016). Ayni alt siniftan rastgele bir isleme tabi olan ve isleme tabi
olmayan birim secildiginde, belirli bir mesafe 6l¢tistine gore bu ikisi arasindaki beklenen fark A 'ir.
OFM algoritmasi, tiim 6rneklem i¢in minimum maliyetli bir akis bularak eslesen kiimeler i¢cinde A

’y1en aza indirmek icin ag akis1 teorisine (Ing., Network Flow Theory) dayali olarak olusturulmustur
(Rosenbaum, 1989:1991). Isleme tabi olan i katilimcisinin egilim puani ile isleme tabi olmayan j

katiimcisinin egilim puam arasindaki mesafe olarak A; = ‘én —-€

ile OFM en sik egilim puanlari

jc

ile gergeklestirilir. Rosenbaum (1991), T'nin isleme tabi olan katilimci say1si, C'nin ise isleme tabi
TC

olmayan katilima sayist oldugu durumda her zaman ZA” ‘nin minimize edildigi optimal bir
i

eslestirme oldugunu bulmustur. OFM ile ATE'yi kestirmek, PSS ile ayni sekilde hesaplanan

agirhiklar gerektirir (bkz. Denklem 2).

Egilim Puam Tabakalandirmasi Uzerinden Marjinal Ortalama Agirliklandirmast (MMWS)

Hong (2012), 6rneklemdeki her bir isleme tabi olan veya olmayan katilimcinin, her bir
tabaka igerisinde adeta isleme tabi olma ve olmama durumuna rastgele atanmis gibi
ayarlanmasi icin MMWS'yi 6nermistir. Isleme tabi olmanin gii¢lii ihmal edilebilirligi
varsayimu ile birlikte agirliklandirilmis veriler isleme tabi olma atamasinin giiglii ihmal
edilebilirligi varsayimu ile birlikte agirliklandirilmis veriler, ortak degiskenlere gore isleme
tabi olan ve isleme tabi olmayan gruplarin esdeger oldugu sahte bir evreni temsil eder.
Asagidaki denklem, agirliklarin nasil hesaplandigim gostermektedir:

S S

Burada sirasiyla Pr(T=1) ve Pr(T =0) butiin 6rneklemde isleme tabi olan ve igleme tabi

olmayanlarin oranlaridir, diger terimler daha once tanimlandig gibidir.

Optimal Tam Egilim Puam Eslestirmesi Uzerinden Marjinal Ortalama Agirliklandirmast
(MMWFM)

MMWS'nin dogrudan bir uzantis1 olarak MMWFM'yi oneriyoruz. Bu metot, Hong (2012)'nin
yaklasimini kullanarak gozlemleri agirliklandirmayi, ancak PSS metodu yerine OFM metoduna
dayali tabakalar elde etmeyi gerektirir. Tabakalar OFM ile sekillendirildikten sonra, agirliklar
Denklem (2) yerine Denklem (3) kullanilarak hesaplanir.

PSS ile MMWS'yi ve OFM ile MMWEFM'yi karsilastirdigimizda, orijinal agirliklar1 veya marjinal
ortalama agirliklar1 kullanmanm ayni ATE'yi ve ATE'nin standart hatasimi kestirdigini. Bunun
nedeni, PSS icin Denklem 2'deki agirlik ile MMWTS-PSS icin Denklem 3'teki agirlik arasinda
yalnizca tek bir terimin farklilik gostermesidir: Denklem 2'deki 0,5 sabiti, se¢im yanlilig1 olmamasi
durumunda drneklemin yarisinin her kosulu alacagini belirtmektedir. Ote yandan, Denklem 3'teki
marjinal ortalama agirliklar, igsleme tabi olan Pr(T =1)ve isleme tabi olmayanlarin Pr(T =0)
marjinal oranlarini icermektedir. Hem PSS agirliklarinin hem de MMWS agirliklarinin tabakalar
arasinda tam olarak ayni iliskiye sahip oldugunu ve ayni durumun MMWEFM ile karsilastirildiginda
OFM igin de gegerli oldugunu gordiik. Bu nedenle, MMWS ve MMWEM daha ileri analizlerden
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hari¢ tutulmustur ve PSS ve OFM'den elde edilen sonuglar sirasiyla MMWS ve MMWEFM'ye
genellenebilir. Ote yandan, egilim puani kosullandirmasi, tabakalar arasindaki egilim puani
farkliliklar1 nedeniyle PSS ve MMWS ile OFM ve MMWFM arasinda bir fark yaratmaktadir.

Kovaryans Diizeltmesi (CA)

Egilim puani kullanarak kovaryans diizeltmesine (CA) duyulan sezgisel ihtiyag, ¢ifte saglamlik
ozelliginden kaynaklanmaktadir: Egilim puani kestirim modeline dahil edilen gozlemlenen ortak
degiskenler, ATEmin parametrik veya parametrik olmayan kestiricilerine de eklenebilir (Robins
ve Rotnitzky, 2001; Funk, vd., 2011); hem isleme tabi olma hem de ¢ikti modellerinde aym ortak
degiskenlerin kontrol edilmesi, egilim puani modelinin veya ¢ikt1 modelinin (ancak her ikisinin ayn1
anda degil) yanls belirlenmesine kars1 koruma saglar. Egilim puanini kullanan CA, ¢ikt1 regresyon
modeline isleme tabi olma gostergesini ve egilim puanini dahil ederek tibbi arastirmalarda yaygin
olarak kullanmilmaktadir. (Weitzen vd., 2004). What Works Clearninghouse standartlarinda (U.S.
Department of Education vd., 2013) yar1 deneysel egitim ¢alismalari i¢in katilimcilarin baslangictaki
ortak degiskenlerin degerlerine gore eslestirilmesine ek olarak CA onerilmektedir. CA'nin herhangi
bir egilim puani metodu uygulamadan tek basina egilim puanini kullanmasi onerilmemektedir
¢linkii bu, egilim puaninin ¢iktt dogrusal olarak iliskili oldugu anlamina gelir ve isleme tabi olma
gostergesinin kestirim katsayis1 ATE olarak yorumlanamaz (Schafer & Kang, 2008). Ayrica, Austin
ve digerleri (2007) egilim puaru ile birlikte sadece CA kullanilmasinin islem etkisini yanh
kestirilmesine neden olabilecegi sonucuna varmustir. Egilim puamn ile birlikte CA'y1, calisma
boyunca inceledigimiz PS metodlariyla birlikte kullaniyoruz. Bu kombinasyonda CA'nin, PS
metodu tarafindan giderilmeyen isleme tabi olmayan ve isleme tabi olmayan gruplar arasindaki
kiiciik artik es degisken dengesizligini gidererek kestirimleri iyilestirmesi beklenmektedir (Stuart,
2010). Orijinal egilim puani metodlarimin IPTW-CA, TIPTW-CA, PSS-CA, MMWS-CA, OFM-CA ve
MMWEFM-CA gibi kovaryans diizeltme uzantilarini belirtmek icin egilim puani metodunun
kisaltmasma "-CA" ekliyoruz.

Daha once tartistigimiz gibi, Denklem 2 ve 3 agirlik denkleminde tek bir terim ile farkhilik
gostermektedir ve ayni tabaka ve isleme tabi olma kosulundaki bireyler ayni say: ile
agirbiklandirilacaktir, dolayisiyla tabakalar arasindaki iliskiler sabit kalacaktir. Dolayisiyla,
agirliklart hesaplamak igin Denklem 2 veya 3 kullanilirsa ATE ve standart hata kestirimleri sabit
kalacaktir. Ancak, PSS-CA ve MMWS-CA veya OFM-CA ve MMWFM-CA esdeger sekilde
davranmaz ¢linkii bireylerin bir tabakada ayni veya dogrusal olarak dontistiirtilmiis egilim puanina
sahip olmas1 gerekmez.

Islem Etkilerinin Kestirimi

Agirliklar Denklem 1, 2 veya 3 ile hesaplandiktan sonra, ATE agirlikli ortalamalar arasindaki fark
olarak kestirilebilir (Schafer ve Kang, 2008; Lunceford ve Davidian, 2004):

nt n
D WY D WY
i=1 =l

A=

T oon n,
W 2wy
i1 1

Burada W; , W, ile Y; , Y siwrasiyla isleme tabi olan ve igleme tabi olmayan katihmailar igin
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agirliklar ve giktilardir. Alternatif olarak islem etkisi, Y, nin ¢ikt1 oldugu, f, nin sabit oldugu, f,

’in ATE kestirimi oldugu ve €, ‘nin artik oldugu Y; = £, + BT; + € agirlikli regresyon modeli ile elde
edilebilir.

Standart Hata Kestirimi
Agirlikl En Kiigiik Kareler Regresyonu (WLS)

WLS, yukarida sunulan tiim PS metotlariyla ATE ve standart hata kestirimlerini elde etmek igin
kullanilabilir (Schafer & Kang, 2008). WLS ile standart hatalar asagidaki formiille kestirilir (Fox,
2008):

()

Taylor Serisi Dogrusallastirma (TSL)

PS metotlar1 ile ATE kestirimlerinin standart hatalarin1 elde etmek igin Taylor Serisi
Dogrusallastirma, Jackknife ve Bootstrapping gibi bagka metotlar da kullanilabilir (Rodgers, 1999).
Bu metotlar sonlu 6rneklem arastirmalarinda yaygin olarak kullanilmaktadir ancak PS metotlari ile
kapsamli olarak arastirilmamigtir. TSL, Kkestiriciyi gozlemlerin dogrusal bir fonksiyonu ile
yaklastirarak bir istatistigin varyansimni elde etmek igin kullanilabilir (Wolter, 2007). Agikca
U,(ATE) gozlem i ve ATE'nin bir fonksiyonu olsun ve gercek evren ATE ’si siradaki denklemi

saglasin:

N
D U,(ATE") =0 6)

i=1

Daha sonra, karmasik bir 6rneklemde ATE "yi asagidaki agirliklandirilmis 6rneklem denkleminin
¢oziimii olarak tanimlayabiliriz:

N v
3 Ui(ATE) =0 (7)

i=1
ATE'nin varyansi, delta metodunu uygulanarak agsagidaki gibi tanimlanabilir (Binder, 1983):

1 1

cov{zn“ui (ATAE)} im ®)

o " 5U. (ATE)
var[ATE] ~| S &8 1E)
[ATE]=| 2. < OATE

it OATE

i gozlemi igin |§0 "in sabit, |§1 ‘in egim (yani kestirilen ATE), W, 'nin agirlik ve X ‘man x'in ortalamast
oldugu cikt1 regresyon denkleminde TSL kullanilarak ATE’nin standart hatasi asagidaki sekilde
tanimlanir (Lohr, 1999):
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. A(Zn:Wi (yi - BAo - é1Xi)(xi _i)
SE(B)= |[—2 —

Swe (ZJ ¥

JK ve bootstrapping'in her ikisi de orijinal verilerden yeniden Orneklemeye dayanmaktadir.

Jackknife (JK)

Jackknife'm en yaygin uygulamasi, her tekrarda orneklemin bir {iyesinin rastgele ¢ikarildig: ve
ilgilenilen parametrelerin, gozlem ¢ikarildiktan sonra yeniden hesaplanan ¢ogaltilmis agirliklar
kullanilarak kestirildigi sil-1 JK'dir. Sil-1 jackknife igin wi bir i gozlemi i¢in baslangi¢ agirlig1 ve n
orneklem biiyiikliigii olsun. Segilen PS metoduna bagl olarak, wi Denklem 1'den elde edilen IPTW
agirhigl veya kesilmis agirliklar olabilir:

Eger gozlemi tekrar krde silinmisse

0
Wir ={ n

=1 Wi Eger gozlem i tekrar krde silinmemiss (10)

Her tekrarda, ilgilenilen parametre olan ATE ( Blk ) tekrar hesaplanacaktir. Standart hata asagidaki
gibi olacaktir (Lohr, 1999):

SE(B,) = \/ Z(Blk B,) (11)

Egilim Puan1 Metotlarinin Karsilastirilmas:

Gu ve Rosenbaum (1993) ve Cepeda ve digerleri (2003) optimal eglestirmenin, PS eslestirmesi igin
en yaygin kullanilan algoritma olan acgozlii algoritma (Ing. Greedy Algorithm) ile eslestirmeden
stirekli olarak daha iyi performans gosterdigini bulmustur. Austin (2009a), belirli bir kumpas
dahilindeki (Ing. Caliper) egilim puami ve IPTW metotlariyla eslestirmenin, gruplar arasindaki
sistematik farkliliklar1 PSS ve kovaryans diizeltmesinden daha fazla ortadan kaldirdigini bulmustur.
Austin (2010a) ayrica IPTW-CA metodunun yanlilik, varyans kestirimi, giiven araliklarinin
kapsami, ortalama karesel hata ve Tip I hata oranlar1 agisindan PSS, egilim puani eslestirme, IPTW
ve kovaryans diizeltme metotlarindan daha iyi calisti§in1 bulmustur. Ancak, Austin bu metotlar:
yalnizca ikili ¢ikt1 kosulu altinda karsilagtirmistir. Ayrica, Austin (2009b) egilim puan eslestirmesi
i¢in standart hata kestirim metotlarin1 degerlendirmis ve verilerin eslestirilmis dogasini dikkate alan
metotlarin daha kiigiik standart hata yanlili§1 ve nominal Tip I hata oranina daha yakin gercek Tip
I hata oranlari ile sonuglandigin1 bulmustur. Leite ve digerleri (2019), birden fazla islem segenegi
oldugu durumlarda islem etkilerinin kestirimi i¢in IPTW, OFM ve MMWS'yi karsilastirmis ve
IPTW'nin en diisiik diizeyde yanlilik iirettigini, bunu OFM ve MMWS'nin izledigini bulmustur.
Ayrica, islem etkilerinin standart hatalarmin IPTW ile yansiz oldugunu, ancak bunlar1 kestirmek
icin TSL, JK veya bootstrapping kullanilip kullanilmadigina bakilmaksizin OFM ve MMWS ile fazla
kestirildigini bulmuslardir. Yukarida 6zetlendigi {izere, literatiirde ¢ok sayida PS ve SE kestirim
metodunun goreli performansin karsilastiran gesitli calismalar yapilmistir. Ancak, her bir spesifik
arastirma sadece birka¢ metodu igermektedir. IPTW, PSS, MMWS ve OFM ile karsilastirildiginda
TIPTW ve MMWEFM™nin performans: hakkinda ¢ok az sey bilinmektedir. Bu PS metotlarinin
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Karsilastirilmasi

Ozellikle -CA uzantilarinin SE kestirim metotlariyla birlikte kullanildig: ¢ok az arastirma vardir. Bu
calisma literatiirdeki boslugu ti¢ sekilde dolduracaktir. Ik olarak, yaygin olarak kullanilmayan iki
PS metodunun (yani TIPTW ve MMWEFM) performansi, daha yaygin olarak kullanilan PS
metotlariyla (IPTW, PSS, MMWS, OFM) Kkarsilastirilacaktir. Ikinci olarak, PS metotlarinin -CA
uzantilarmin performans: degerlendirilecektir. Son olarak, PS metotlariyla ile birlikte cesitli SE
kestirim metotlarmin performansi biiyiik 6lgekte degerlendirilecektir. Bu PS metotlar1 arasindaki
karsilastirmalarin azlig1 gz oniine alindiginda, mevcut galismada asagidaki arastirma sorular: ele
alinacaktir:

1. Hangi egilim puani metodu (IPTW, TIPTW, PSS, MMWS, OFM ve MMWEM) farkl
orneklem biiytiikliigii ve isleme tabi olan oranina sahip kosullar altinda ATEnin yansiz
kestirimi agisindan en iyi performansi gosterir?

2. Kestirilen egilim puanlar1 kullanilarak yapilan kovaryans diizeltmesi, ATE kestirimi
agisindan egilim puani metotlarinin (IPTW-CA, TIPTW-CA, PSS-CA, MMWS-CA, OFM- CA
ve MMWFM-CA) performansini iyilestiriyor mu?

3. Hangi standart hata kestirim metodu (WLS, TSL ve JK) farkli egilim puani metotlariyla
birlikte kullanildiginda en dogru standart hatalar: tiretir?

4. Hangi egilim puani metodu ve standart hata kestiricisi kombinasyonlar: istatistiksel olarak
anlamli ATE'yi tespit etmek igin en fazla istatistiksel giicti saglar?

Yontem
Veri Simiilasyonu

Arastirma sorularini yanitlamak i¢in R programi kullanilarak bir Monte Carlo simiilasyon ¢alismas:
gerceklestirilmistir (R Development Core Team, 2011). Verileri simiile etmek t{izere gercek¢i evren
parametreleri elde etmek igin 2007-2008 Okul Sug ve Giivenlik Anketi (SSOCS, Ing. School Survey
on Crime and Safety) anket sonuclarindan kestirimler alinmistir (Ulusal Egitim Istatistikleri
Merkezi, 2010). Isleme tabi olma degiskeni okul disinda bir disiplin planinin mevcut olup olmadigi,
cikt1 degiskeni ise belirtilen suglara karigsan toplam 6grenci sayisidir. Ortak degiskenler ise baska bir
okuldan transfer edilen 6grenci sayisy, tipik siuf degisikligi sayisi, standart testlerde 15. yiizdelik
dilimin altinda kalan 6grenci ytizdesi ve 6zel okullara yapilan toplam transfer sayisidir.

R'deki MASS paketini (Venables & Ripley, 2002) kullanarak simiilasyon ¢alismasi igin ¢ok
degiskenli-normal dagilimli ortak degiskenler olusturuldu. Veri simiilasyonunun ilk adimi

olarak normal dagilan X i X2i : X3i ) X4i ortak degiskenleri, evren ortalamalar:1 O ve kovaryans

matrisi asagida sunulan evren kovaryans matrisine (SSOCS veri setinden elde edilmistir)
esit olacak sekilde olusturulmustur.

1.00 .145 -.004 .125
145 1.00 .001 .467
-.004 .001 1.00 .061
125 467 .061 1.00

(12)
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fkinci adimda, cikt1 regresyon artiklarini simiile ettik. Artiklar, ortalamast 0 ve standart sapmasi
166.278 olan normal bir dagilimdan simiile edilmistir. Artiklarin evren standart sapmasi, ¢kt
regresyonu igin evren R?=.211 olacak sekilde tanimlanmistir. Ortak degiskenler ve c¢ikti artiklar
simiile edildikten sonra, asagidaki denklemlere dayanarak oOrneklemdeki tiim bireyler icin
potansiyel isleme tabi olmama ¢iktilar1 Yc ve potansiyel isleme tabi olma ¢iktilar1 Yr elde edilmistir.

Yoi =By + BXyi + B, Xoi + B Xy + By Xy +€

13
Yy, =Yg + ATE 19)

Bo, B1, Bz, Ps ve P+ katsayilariin evren degerleri 0, 16.221, 58.642, 15.704 ve 33.601 'dir. ATE'nin evren
degeri 20°dir; bu da Cohen'in etki biiytikliigiiniin .085 oldugunu ve bunun kiigiik bir etki oldugunu
gostermektedir. Bir sonraki adim, simiile edilen 6rneklerdeki hangi bireylerin isleme tabi olacagini
maruz kaldigini belirlemekti. isleme tabi olma atamast igin evren modeli sdyledir:

logit(P(T; =1] Xy, X5, Xq, X)) =log(rt/ L-1t) + 75 + 7. Xy + 7, X5 + 75 X5 +7, Xy (149

Burada yq, 1, ¥2, ¥3 vey, evren degerleri 0, 16.221, 58.642, 15.704 ve 33.601’dir ve rt, isleme tabi
olma oranidir. Se¢im yanliligimin giicii McKelvey & Zavonia sahte R2(McKelvey & Zavoina, 1975)
temel alinarak tanimlanmistir ve simule edilen veriler i¢in evren degeri .028’dir. Isleme tabi olan
grupta olma olasiligimni rt/ (1—rt) ile isleme tabi olma atamasi modeline dahil ettik ve bdylece isleme tabi
olma oranini kontrol edebildik.

Sadece orneklem biiyiikliigiinii ve isleme tabi olan bireylerin oranini (yani toplam Orneklem
biiyiikliigii ve isleme tabi olanlar grubunun toplam 6rneklem biiyiikliigiine gore biiytikliigiinii)
manipiile ettik ¢iinkii bu iki 6zellik nicel bir arastirma deseni agisindan bir¢ok arastirmaciya yol
gosterir. Gu ve Rosenbaum (1993), Freedman ve Berk (2008) ve Austin (2009a) tarafindan PS
metotlarmi karsilastirmak igin yapilan Monte Carlo simiilasyon calismalarinda tek orneklem
biiyiikliigii olarak 1000 kullanilmistir. Orneklem biiyiikliigiinii manipiile ederek, ATE'yi test etme
giicli agisindan PS metotlar1 arasinda fark olup olmadigini belirleyebildik. Orneklem biiyiikliikleri
500, 1000 ve 2000'e esit olan verileri simiile ettik.

1§1eme tabi olan 6rneklem oraninin 1/10, 1/7, 1/4, 1/3 ve 1/2 olarak belirlendigi veriler iirettik. Bu
kosullar, Gu ve Rosenbaum'un (1993) sadece 1/7, 1/4 ve 1/3 oranlarin inceleyen ¢alismasmin bir
uzantisidir.

Ortak degiskenlerin sayisin1 degistirmedik ¢linkii Gu ve Rosenbaum (1993) isleme tabi olma
mekanizmasi tam olarak modellendigi siirece, ortak degiskenlerin sayisinin, ortak degiskenlerin
coklu dogrusalligi ve yakinsama sorunlari gibi potansiyel sorunlar haricinde, egilim puani
metodunun performansini etkilemedigi sonucuna varmistir. Bu simiilasyon ¢alismasinda hem
ciktiyla hem de isleme tabi olma atamasiyla iliskili olan dort siirekli ortak degisken kullandik.
Verileri dort ortak degiskene dayali olarak simdile ettigimiz ve dort ortak degiskeni de kullanarak
egilim puanlarin kestirdigimiz i¢in, isleme tabi olma atamasinin tamamen modellendigi varsayimi
calismadaki tiim kogullar igin karsilanmustir. Veri simiilasyonunda manipiile edilen kosullar Tablo
1'de 6zetlenmistir.
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Karsilastirilmasi
Tablo 1
Veri Simiilasyonunda Manipiile Edilen Kosullarin Ozeti
Kosul Seviyeler
Orneklem biiyiikliigii 500, 1000 ve 2000
1§Ieme tabi olan bireylerin orani 1/10,1/7,1/4,1/3 ve 1/2

ATE ve Standart Hata Kestirimi

Kosul basina 1000 veri kiimesi simiile edilmis ve simiile edilen her bir veri kiimesi ayr1 ayr1 dort
adimda analiz edilmistir: 1) Lojistik regresyon kullanarak her birey i¢in PS'yi kestirmek; 2) Ortak
destek alanini hesaplamak; 3) Agirliklandirilmamais bir regresyon modeli ile se¢im yanliligini da
kapsayan ATE ve standart hatay1 kestirerek herhangi bir PS metodu uygulanmadiginda elde
edilecek temel sonucu belirlemek; 4) Egilim puani1 metotlarini uygulamak. Denklem 16'y1 kullanarak
IPTW ile ATE'yi kestirilmistir. IPTW'nin uygulanmasindan sonra, TIPTW agirliklarini olusturmak
icin IPTW'nin 99. yiizdelik diliminden biiyiik olan agirliklar1 99. ytlizdelik dilimi ile degistirilmisgtir.
PSS'yi uygulamak igin, R'deki Matchlt paketi (Ho, Imai, King, Stuart, 2007) kullanilarak PS'lerdeki
benzerlige dayali olarak isleme tabi olan ve isleme tabi olmayan bireyler bes tabakaya ayrilmistir. 5
tabaka kullanilmistir ¢linkii sosyal bilimlerdeki PS metotlar1 uygulamalarinda en yaygm kullanilan
tabaka sayis1 5'dir (Thoemmes & Kim, 2011). MMWS'yi uygulamak i¢in agirliklar Denklem 3
kullanilarak hesaplanmistir. OFM metodu igin, R'de optmach paketinde (Hansen & Klopfer, 2006)
uygulanan OFM algoritmasi kullanilarak isleme tabi olan ve isleme tabi olmayan bireylerin
benzerlige dayali olarak veri taniml sayida tabakaya ayrilmasi saglanmigstir. MMWFM'yi
uygulamak i¢in OFM ile elde edilen tabakalar kullanilmistir, ancak agirliklar Denklem 11
kullanilarak hesaplanmustir.

ATE kestirimi f,’in ATE oldugu Y, =, + BT, +€ agurliklandinlmis regresyon denklemi ile
gerceklestirilmistir. Kovaryans diizeltmesini eklemek icin ATE, Y, =p,+ BT +B,PS+¢

agirliklandirilmis regresyon denklemi ile gergeklestirilmistir. Burada PS, bir ortak degisken olarak
modele dahil edilen egilim puamdir. ATE kestirimlerinin WLS standart hatalar1 R'deki Im
fonksiyonu kullanilarak elde edilirken, TLS standart hatalar1 ve sil-1 JK standart hatalar1 R'deki
survey paketinin (Lumley, 2011) svyglm fonksiyonu ile elde edilmistir.

Analiz

Egilim puanlarinin ortak destek alanini dl¢gmek i¢in dagilimlarin ortiisme oranini yansitacak sekilde
Cohen’in (1988) Ui fonksioynuna benzer bir ortlisme Olgiitii kullanilmistir. A ve C, egilim
puanlarinin logit doniistimiiniin alt ve {ist uglarindaki ortiismeme alani, B’de ortiisme alani olsun.
O zaman:

A+C

T ATB+C (15)

Burada Ui'deki artislar, ortak destek alanindaki azalmalara karsilik gelmektedir. Simiile edilen
kosullarda ortalama Ui .001 ile .604 arasinda degismekte olup ortalama ve standart sapma sirasiyla
.190 ve .091'dir. Orneklem biiyiikliigii arttikca veya isleme tabi olanlarin oran yiikseldikge ortiisme
de artmuistir.

PS metotlar1 ATE kestirimlerinin goreli yanliligi ve yanlilik azaltma yiizdesi agisindan
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kargilastirilmistir.  ATE'nin goreli yanlilig1 O 'nin bir kosul icin biitin tekrarlarda ATE
kestirimlerinin ortalamas: ve ¢ 'nin evren ATE'si oldugu durumda B(0)=(0-6)/ Hformiilii ile

hesaplanmistir. Eger hesaplanan B(0) mutlak degerde .05 den biiyiikse yanlilik kabul edilemez
olarak degerlendirilmistir(Hoogland & Boomsma, 1998). Ayrica yanlilik azaltma yiizdesi(PBR, Ing.
Proportion Bias Reduction) asagidaki formiil ile degerlendirilmistir:

ya) B(® emel—B 0 meto
PBR() = Z2temelEOmetst 1 16)

Burada B (é)metot belirli bir PS metodu kullanmanimn ortalama goreli yanliligi ve B (é) temel
herhangi bir PS metodu kullanmadan baslangictaki yanliliktir (Cochran ve Rubin, 1973; Steiner vd.,
2010). Cochran ve Rubin (1973) tarafindan sunulan smir degeriyle tutarl olarak, bir PS metodunun
basarili sayilabilmesi i¢in baslangigtaki temel yanliligin en az %90'1m1 gidermesi beklenmistir.

Ayrica standart hata kestirim metotlarini standart hatalarin goreli yanliligi agisindan da

kargilagtirilmigtir. Standart hatalarin goreli yanliligs B(S,) = [S 5= SD(8)]/ SD(6) olup, S ; kestirilen

ATE’lerin standart hatalarinin ortalamasi ve SD(6) ampirik standart hatadir. Ampirik standart hata,
herhangi bir kosulda bir PS metodu ile kestirilen ATE’lerin standart sapmasidir. Hesaplanan B(S é)

mutlak degerde .10’dan biiyiikse, yanlilik kabul edilemez olarak degerlendirilmistir. Yansiz ATE
ve standart hata kestirimleri saglayan metotlar igin, her kosulda o =.05 seviyesinde istatistiksel
olarak anlamli bulunan ATE orani hesaplanarak s6z konusu metotlarin istatistiksel olarak anlaml
ATE’yi tespit etme istatistiksel giicli hesaplanmuistir.

Bulgular
Egilim Puan1 Metotlarinin Karsilastirilmasi

Alt1 egilim puan1 metodunun her biri i¢in goreli yanlilik ve yanhlik azaltma ytizdesi hesaplanmuistir.
Kestirilen ATE'nin goreli yanhiligmin ve yanhilik azaltma yiizdesinin sonug, egilim puani
metotlarmin gruplar ici faktor, orneklem biiyiikliigli ve isleme tabi olan katilimcilarin oraninin ise
gruplar aras1 faktorler oldugu iki karmasik ANOVA yiiriitiilmistiir. Tiim olas: etkilesimler de
modele dahil edilmistir. Manipiile edilmis kosullar1 karsilastirmak icin etki biiytikliigtintin bir
olgiisii olarak genellestirilmis eta kare (77) kullanilmigtir. Egilim puani metodu faktoriiniin ana
etkisi 777 = .023 ve diger tiim etki biiyiikliiklerinin .01'den kiigiikk olmasi, PS metodunun goreceli
yanlilik ve yanlilik azaltma yiizdesi performansinin, herhangi bir PS metodu igin simiile edilmis
orneklem biiyiikliiklerinde ve isleme tabi olan oranlarinda ¢ok benzer oldugunu gostermektedir.
Bu nedenle, goreli yanlilik sonuglarini 6rneklem biiyiikliigli ve isleme tabi olanlarin oranina gore
daralttik ve Tablo 2'de goreli yanlilif1 ve yanlilik azaltma yiizdesini gosterdik.
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Karsilastirilmasi
Tablo 2
PS Metoduna Gore ATE Kestirimlerinin Goreli Yanlhiligi ve Yanlilik Azaltma Yiizdeleri
Kovaryans diizeltmesiz ¢ikti modeli Kovaryans diizeltmeli ¢ikt1 modeli
ATE Kestirim Goreli Yanlilik Azaltma Goreli Yanlilik Azaltma
Metodu Yanlilik Yiizdesi Yanlilik Yiizdesi
IPTW 0.001 99.97% -0.001 100.16%
TIPTW 0.086 92.54% 0.017 98.59%
PSS 0.116 89.96% -0.002 100.24%
MMWS 0.116 89.96% -0.004 100.37%
OFM 0.009 99.30% 0.002 99.90%
MMWFM 0.009 99.30% 0.002 99.90%

Not. Tiim Tekrarlardaki temel yanlilik 1.153t{ir.

TIPTW, PSS ve MMWS metotlarinin sirasiyla 0,086, 0,116 ve 0,116 goreli yanhilik ile .05 goreli
yanlilik kriterini astigt bulunmustur. Ayrica, PSS ve MMWS %90'a yakin yanliligi ortadan
kaldirirken, IPTW, OFM ve MMWFM %99'a yakin yanlili§1 ortadan kaldirmistir. Kesme iglemi
yanliligin giderilmesini azaltmis, TIPTW yanliligin yaklasik %92'sini gidermistir. Dolayisiyla, IPTW,
TIPTW, OFM ve MMWEFM ile elde edilen hem goreli yanlilik hem de yanhilik azaltma yiizdesi kabul
edilebilir seviyelerdedir. Ayrica, egilim puanu ile kovaryans diizeltmesinin, incelenen tiim PS
metotlarinda ATE kestirimlerinin dogrulugunu artirdigini gézlemlenmistir; bu nedenle, kovaryans
diizeltmesi ile birlikte tiim egilim puani metotlari, ATE kestirimlerinde kabul edilebilir diizeyde
goreli yanlilik ve yanlilik ytlizdesi azaltimi saglamistir.

Standart Hata Kestirim Metotlarinin Karsilastirilmasi

Standart hata kestirimlerini incelerken, bazi standart hata kestirimlerinin yansiz oldugunu,
bazilarinin ise olmadigini gozlemledik. Standart hata kestirimlerinin goreli yanhiligmi etkileyen
faktorleri arastirmak igin, sonucun standart hata kestirimlerinin goreli yanlilig1 oldugu, gruplar
arasi faktorlerin orneklem biiyiikliigii ve isleme tabi olan orani oldugu ve grup igi faktorlerin PS
metodu, standart hata kestirim metodu ve kovaryans diizeltmesi oldugu bir karmasik ANOVA
gerceklestirdik. Kosullar 7etki biiyiikliigii olciisiine gore karsilagtirdik (Olejnik & Algina, 2003).
Tablo 3, standart hata kestirimlerinin yanliligin etkileyen faktorler icin 6zet ANOVA tablosunu

gostermektedir.
Tablo 3
Standart Hata Kestirimlerinin Goreli Yanhligr icin Etki Biiyiikliigii Ozeti
Kaynak /s
Gruplar Arasi Etkiler
Isleme tabi olan oram 0.109
Grup I¢i Etkiler
PS metodu 0.035
PS metodu * isleme tabi olan oram 0.017
Kovaryans diizeltmesi 0.047
Standard hata kestirim metodu 0.327
Standard hata kestirim metodu * Isleme tabi olan orani 0.122
PS metodu * Standard hata kestirim metodu 0.062
PS metodu* Standard hata kestirim metodu * Isleme tabi olan oran 0.030

Not. .01"den daha kiigiik etki biiytiikliiklerine sahip kaynaklar raporlanmamustur.

Sonuglar, standart hata kestirim metodunun standart hata kestirimlerinin goreli yanlilig: tizerinde
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177-.327 ile biiyiik bir etkiye sahip oldugunu gostermistir. Bunula birlikte, standart hata kestirim
metodu ile igsleme tabi olanlarin iki yonlii orta diizeyde bir etkilesim vardir ve 7°=.122"dir. Isleme
tabi olan oraninin etki biiyiikliigii 7°= .109’dur. Bu etkilere ek olarak cesitli kiigiik etkiler de
gozlemlenmistir: PS metodu ve standart hata kestirim metoduna iligkin iki yonlii etkilesimin etki
bityiikliigii 7= .062, PS metodu, standart hata kestirim metodu ve isleme tabi olan oraninin ii¢ yonlii
etkilegsiminin etki biiyiikliigii 7°=.030, PS metodu ve kovaryans diizeltmesinin etki biiyiikliigii
sirasiyla 77=.035 ve 7°=.047'dir. Orneklem biiyiikliigiinii iceren ana etki ve etkilesimlerin ihmal
edilebilir oldugu goz oniine alindiginda, standart hatalarin goreli yanlihii 6rneklem biiytikligi
tizerinden daraltilmistir.

Sekil 1

IPTW ve TIPTW ile Simulasyonda Isleme Tabi Olan Oramna Gore Standart Hata Kestirimlerinin Goreli
Yanhilig:
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Sekil 2

IPTW ve TIPTW ile Simulasyonda Isleme Tabi Olan Oramina Gére Standart Hata Kestirimlerinin Goreli
Yanhilig:
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Standart Hata Kestirimlerinin

Simiilasyonda Isleme Tabi
Olan Orani

Standart hata kestirimlerinin goreceli yanliliklar1 Sekil 1 ve Sekil 2'de 6zetlenmistir. TSL ve JK'nin
simiile edilen tiim kosullarda benzer standart hatalar sagladigi goriilmiistiir. Isleme tabi olan
oranina gore herhangi bir PS metodu i¢in TSL ve JK metotlari ile elde edilen standart hatalarm goreli
yanlilig1 -.024 ile .177 arasinda degismekte olup ortalamasi .058'dir. Standart hata kestirimlerinin bu
goreli sapmalarmin ¢ogu (-.1,.1) araligimi asmamustir, ancak isleme tabi olanlarin orani 0.1'den 0.5'e
ylikseldikge, TSL ve JK'nin standart hatalari marjinal ila orta derecede arasinda fazla kestirme
egiliminde oldugu goriilmiistiir. Bununla birlikte, her bir PS metodu igin ¢ikt1 regresyon modeline
kovaryans diizeltmesi eklenmesi, standart hata tahminlerinin yanlhiligini kabul edilebilir seviyelere
indirmistir. Genel olarak, TSL, JK'yy gore biraz daha az yanl standart hatalarla sonuglanmigtir. WLS
standart hatalar1 -.585 ile .117 arasinda degismekte olup ortalamasi -.146'dir. WLS, simiile edilen
isleme tabi olanlarm orani .25 oldugunda MMWS-CA ve bazi PS metotlar1 haricinde en diisiik tig
isleme tabi olma oraninda standart hatalar1 oldugundan diisiik kestirmistir. MMWS-CA metodu, {ig
standart hata kestirim metoduyla birlikte simiile edilen her kosulda kabul edilebilir standart hatalar
saglamistir. Isleme tabi olanlarin orani 0.1’den 0.5"e yiikseldikge, kestirilen standart hatalarin goreli
yanliliginda agisindan ikinci dereceden bir iyilesme goriiliir. WLS Kkestirimi ile birlikte ¢kt
modelinde kovaryans diizenlemesi ile agirliklandirmaya dayali PS metotlar;, kovaryans
diizenlemesi olmayan agirliklandirmaya dayali PS metotlarina kiyasla marjinal olarak daha yanh
standart hatalar kestirmistir. Bu iliski, eslestirmeye dayal1 PS metotlarinda tersine donmiis ve
MMWT metotlar;, MMWT olmayan metotlara kiyasla daha az yanli tahminler saglamistir. isleme
tabi olanlarmn orani 0.5 oldugunda, WLS, simiile edilen tiim kosullarda TSL ve JK'den daha az yanl
standart hatalar saglamistir.

Baz1 PS metotlar1 ve standart hata kestirim metotlar1 kombinasyonlarinin simiile edilen c¢esitli
kosullar i¢in yanh standart hatalar sagladigini gz oniinde bulundurarak, gii¢ incelemesini TLI ve
JK ile standart hata tahmini ile birlestirilmis kovaryans diizeltmeli ¢ikt1 modelli PS metotlariyla
smirlandirilmistir ¢linkii bunlar baslangigtaki yanlilig1 ortadan kaldirmis ve simiile edilen tiim
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kosullarda yansiz standart hatalar saglamstir.

Sekil 3

Isleme Tabi Olan Orani, Orneklem Biiyiikliigii ve Egilim Puani Metodunun Bir Fonksiyonu Olarak ATE'yi
Tespit Etme Giicii
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Qimiilacvanda Tcleme Tahi Olan

Sekil 3'te sunulan sonuglara dayanarak, drneklem biiyiikliigii ve isleme tabi olanlarmn oraninin
istatistiksel giicii etkileyen en dnemli iki faktor oldugu gozlemlenmistir. Isleme tabi olanlarin orani
olmayanlarin oranina yaklastik¢a veya orneklem biiyiikliigii arttikca, TSL ve JK standart hata
kestirimi ile eslestirilmis kovaryans diizeltmeli PS metotlarinin tiimii artan gii¢ saglamistir. Ayrica,
isleme tabi olanlarm orani olmayanlarin oranina yaklastikca giicteki artisin daha yiiksek orneklem
biiytikliikleri i¢in daha fazla oldugu gozlemlenmistir. TSL ve JK'nin istatistiksel giiclinti ¢ikti
modelinde kovaryans diizeltmeli alt1 PS metotlariyla birlikte karsilastirmak icin, istatistiksel giicii
isleme tabi olanlarin orani ve drneklem biiytikliigii ile daralttik. Farkli PS metotlari ile TSL ve JK
standart hata kestirim metotlarnin giicteki genel farkliliklarin TSL lehine .01'den az oldugu
bulunmustur. Son olarak, PS metotlar1 arasindaki genel farkliliklar1 gozlemlemek icin isleme tabi
olan orani, 6rneklem biiytiikliigii ve standart hata kestirim metotlarina daraltarak istatistiksel giicii
elde ettik. Sonuglar, MMWFM-CA ve OFM-CA'nin sirasiyla .266 ve .267 ortalama istatistiksel giic
ile en diisiik istatistiksel giice sahip oldugunu gostermistir. Kalan dort PS metodu, .339 ile .349
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arasinda degisen genel istatistiksel gii¢ seviyeleri ile daha ytiiksek istatistiksel giice sahiptir.

Tartisma ve Sonug

ATE kestirimlerinin uygunlugunu (yani, goreli yanlilik ve yanlilik azaltma yiizdesi), ATE kestirimi
icin standart hatalarin uygunlugunu (yani, goreli yanllik) ve farkli ATE kestirim ve standart hata
kestirim metotlarinin kombinasyonlarnin istatistiksel giicii aragtirilmigtir. {lk arastirma sorumuz,
farkli PS metotlar1 kullanilarak yapilan ATE kestirimlerinin uygunluguyla ilgiliydi. IPTW ile
baslangigtaki yanliligin tamaminin giderildigi gozlemlendi. IPTW agirliklarinin 99. yiizdelik
diliminden biiytiik olan ug degerlerin kirpilmasi (yani TIPTW) kabul edilebilir ancak IPTW'den daha
kotii performans gostermistir. Bu bulgu Austin'in (2009a; 2010a) bulgulariyla tutarlidir ve Freedman
ve Berk'in (2008) ve Sturmer ve digerlerinin (2010) bulgularinin tersidir. Hem Freedman ve Berk
(2008) hem de Sturmer ve digerlerinin (2010) ¢alismalarinda veriler, ug agirliklarin isleme tabi olma
kestirimi tizerinde oldukga etkili olacag: sekilde simiile edilmistir. Bizim ¢alismamizda, Freedman
ve Berk (2008) tarafindan incelenen kirpma kurali olan 20'den biiyiik agirliklar, simiile edilen
iterasyonlarin %1'inden azinda meydana gelmistir. Ayrica, agirhk dagilimmin sadece tist ucu
kirpilmigir. TIPTW'nin IPTW'ye kiyasla daha diisiik performans gostermesi, isleme tabi olmayanlar
grubunda biiyiik agirhiga sahip bireylerin, ortak degisken dagilimlar1 agisindan isleme tabi olanlar
grubuna benzer vakalar olmasindan kaynaklanmaktadir. Bu nedenle, biiyiik agirliga sahip vakalar
ortak degisken dagilimlarinin dengelenmesinde en 6nemli unsurdur. Bu yeni sonuglar ve mevcut
literatiir goz oniine alindiginda, uygulamali arastirmacilarin asir1 agirliklarin olusup olusmadigini
ve ne kadar asir1 olduklarini belirlemek icin agirliklarini incelemeleri ve agir1 agirliklar: kesen ve
kesmeyen ATE kestirim metotlarin1 karsilastirmalar: 6nerilmektedir.

Gu ve Rosenbaum (1993) ve Cepeda ve digerlerinin (2003) bulgularina paralel olarak, OFM'nin ATE
kestirimlerindeki baslangi¢ yanlili§inin neredeyse tamamini ortadan kaldirdigi gézlemlenmistir.
Cochan (1968) ve Rosenbaum ve Rubin'in (1984) bulgularina benzer sekilde, bes tabakali PSS
baslangigtaki yanliligin yaklasik %90'1n1 ortadan kaldirmistir. Austin (2009a; 2010a) ve Lunceford ve
Davidian (2004) IPTW'nin PSS'ye kiyasla daha fazla sistematik farkliligi ortadan kaldirdig:
sonucuna varmistir ve bu durum bizim ¢alismamizda da gozlemlenmistir. OFM beklendigi gibi
PSS'den daha iyi performans gostermistir ¢linkii OFM en az bir isleme tabi olan ve bir isleme tabi
olmayan birey iceren maksimum sayida tabakaya ayirma tiirtidiir. Marjinal ortalama agirliklarin
tanimina dayanarak bekledigimiz gibi, OFM ve MMWFM'den elde edilen sonuglarin yani sira PSS
ve MMWS'den elde edilen sonuglar da aynidir. Austin'in (Austin 2010a) bulgularma ve Stuart'in
(2010) iddialarina benzer sekilde, bir egilim puani metodu uygulandiktan sonra sonu¢ modelinde
egilim puani igin kovaryans diizeltmesi yapilmasi, daha diisiik performansa sahip metotlar (yani
TIPTW ve PSS) i¢in daha sistematik farkliliklar: ortadan kaldirmistir. Ancak, kovaryans diizeltmesi
eklemenin baslangictaki yanliligin neredeyse tamamini ortadan kaldiran metotlar (yani IPTW ve
OFM) i¢cin higbir etkisi olmamistir. Bu nedenle, OFM-CA ile MMWFM-CA arasinda ve PSS ile
MMWS-CA arasinda ¢ok az fark gozlemlenmistir. Kovaryans diizeltmesi ile incelenen tiim PS
metotlar;, ATE'nin baslangictaki yanlhiliginin neredeyse tamamini ortadan kaldirmagtir.

Ikinci aragtirma sorumuz, PS metotlarmin farkli kombinasyonlarini kullanarak dogru standart hata
kestirimleri elde etmek ve isleme tabi olan orami ve toplam Orneklem biytkligiiniin farkl
kombinasyonlar1 i¢in standart hata kestirim metotlariyla ilgiliydi. ANOVA sonuglarimiz, PS
metodunun, standart hata metodunun, kovaryans diizeltmesinin ve isleme tabi olan oranin standart
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hata kestirimlerinin dogrulugunu etkiledigini gostermistir. Oncelikle, MMWS-CA hari¢ tiim PS
metodlar1 i¢in simiile edilen en kiigiik iki isleme tabi olan oraninda WLS'nin standart hatalar1 ciddi
sekilde diisiik kestirdigi edildigini gdzlemlenmistir. Isleme tabi olan orani 0,5'e yaklagtikca, WLS ile
kestirilen standart hatalarin yanhilig1 azalmistir. TSL ve JK karsilastirildiginda, standart hatalarin
birbirine benzer oldugu ancak TSL standart hatalarimin JK standart hatalarma gore marjinal olarak
daha az yanli oldugu gozlemlenmistir. Uglincii olarak, PS metotlarindan herhangi biriyle birlikte
isleme tabi olan oran 0,5 oldugunda TSL ve JK kullanilarak standart hatalarin marjinal veya orta
derecede fazla kestirildigi edildigini gozlemlenmistir. Kestirim asir1 degildir ancak islem etkisinin
anlamlilik testini yapay olarak muhafazakar hale getirecek kadar biiyiiktiir. Egilim puanmin ATE
kestirimi ¢ikt1 regresyon modeline bir ortak degisken olarak dahil edildigi durumda, PS metodu,
standart hata kestirim metodu ve isleme tabi olan orani kombinasyonundan bagimsiz olarak
standart hatalarin dogrulugunda iyilesme gozlemlenmistir. Tyilesme, WLS standart hatalarinin
yansiz olmasi igin yeterince biiyiik degildir, ancak tiim TSL ve JK standart hatalari, simiile edilen
tiim kosullar altinda kovaryans diizeltmesi kullanildiginda yansizdir. Bu nedenle, WLS standart
hatalarmin PS agirliklar: ile kullanilmamas: gerektigi sonucuna varilmistir. Ancak, R yazilim
paketindeki /m fonksiyonu gibi bazi yazilimlarda agirliklar saglandiginda WLS varsayilandir, bu
nedenle uygulamali arastirmacilar standart hata kestirimlerinde agirliklarin nasil ele alindig:
konusunda dikkatli olmalidir. Bu ¢alismada standart hatalar1 kestirmek igin bootstrapping metotlar:
incelenmemistir, ancak JK ile benzerligi nedeniyle benzer sekilde performans gostermesini
beklemek mantiklidir.

Bu ¢alismanin sonuglar1 goz oniine alindiginda, ATE'nin PS agirhiklar ve ek egilim puani kovaryans
diizeltmesi ile kestirilmesi modeller oneriyoruz, ¢iinkii bu sadece ATE kestirimlerinde ek yanlilik
giderimi saglamakla kalmamais, ayn1 zamanda standart hata kestirimlerini de iyilestirmistir. Ancak,
bu simiilasyon ¢alismasinda kovaryans ayarlamasi ig¢in kullamilan basit sonu¢ modelinin bir
smirlamasi, egilim puaninin sonugla dogrusal olarak iligkili oldugunu varsaymasidir. Uygulamada,
egilim puaninin karesini ve kiipiinii de modele dahil ederek veya egilim puaninin kukla kodlu
katmanlarini dahil ederek bu varsayimdan kaginmak daha giivenlidir. Ayrica, artik degiskenligi
azaltacag1 ve giicii artiracag icin ¢iktt modeli, islem 6ncesi sonug olgtimii gibi ¢ikt1 degiskeniyle
glcli bir sekilde iligkili olan ortak degiskenleri icerecek sekilde genisletilmelidir. Temel ortak
degiskenlerle genisletilmis bir ¢ikt1 modeli ayn1 zamanda cift saglamlik ozelligine de sahiptir;
burada yanlilik, ortak degiskenlerin hem PS modelinde hem de ¢ikti modelinde dogru sekilde
modellenmesiyle ortadan kaldirilabilir. PS agirhiklandirma metotlarinin bir avantaji, sézde
maksimum olabilirlik (Ing. Pseudo-Maximum Likelihood) tahmini (Asparouhov, 2006) gibi
agirliklart igeren bir kestirici mevcut oldugu siirece herhangi bir ¢ikti modeliyle birlikte
kullanilabilmesidir.

PS agirliklandirmasina ek olarak sonu¢ modelindeki egilim puanmin veya ortak degiskenlerin
dogrudan ayarlanmasi, uygulamas: kolay ve uygulamali arastirmacilar igin tanidik oldugu igin
onerilmektedir. Bununla birlikte, Bang ve Robins (2005), Kang ve Schafer (2007) ve Lunceford ve
Davidian'da (2004) agiklanan ATE'nin diger ¢ift saglam kestiricileri de mevcuttur. Gelecekteki
arastirmalar, bu iki kat saglam kestiricileri yanliligin azaltilmasi ve modelin yanlis belirlenmesine
kars1 saglamlik agisindan karsilastirabilir.

Bu ¢alisma, yalnizca SUTV A'nin karsilandig1 kosullara baktig: i¢in de sinirlidir. SUTVA ihlallerinin
nasil ele alinacagina iliskin arastirmalar heniiz baslangi¢ asamasindadir ve Hong & Raudenbush
(2006) SUTVAMin dogrudan ele alindig1 nadir bir 6rnektir. Ayrica, egitim arastirmalarindaki veri
setleri genellikle kiimelenmis bir yapiya sahiptir, ancak Arpino ve Mealli (2011), Leite ve digerleri
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(2015) ve Thoemmes ve West (2011) gibi ¢ok diizeyli yapiya sahip veriler ic¢in egilim puani
agirliklandirma metotlar tizerine az sayida calisma yapilmistir, bu nedenle gelecekteki arastirmalar
bu alani genisletmelidir. Gelecekteki arastirmalar, farkli kovaryans matrisine ve farkli ortak
degisken dagilimlarina sahip farkl veri yapilarini igerebilir.

Etik Kurul Onay:r: Calisma bir simiilasyon calismasi olarak yiiriitiilmiistiir. Ayrica 2020 yilindan 6nceki
yiiksek lisans/doktora tezlerinden tiretilen ¢alismalarda etik kurul raporu gerekmemektedir.

Arastirmacilarin Katki Orani: Calisma bir yiiksek lisans tezinden {iretildigi i¢in birinci yazar ¢alismanin
biitiin boliimlerine katki saglamis, danisman olan ikinci yazar ise stirece rehberlik ederek katki saglayarak yeri
geldiginde biitiin boliimlere ekleme ve / veya diizeltme Onerilerinde bulunmustur.

Catisma Beyani: Yazarlar potansiyel bir ¢ikar catismasi olmadigini beyan ederler.
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