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Summary

This dissertation consists of three stand-alone research papers on the semiparametric
estimation of treatment effects. Treatment effects refer to the causal effect of a vari-
able on an outcome variable of interest and the semiparametric estimation avoids
the parametric assumptions on the outcome equation. The thesis is organized as
follows: In the first chapter we analyze the effect of individual characteristics on the
test score gaps between different Eastern European countries and Finland. Addi-
tionally, we look at the test score gaps between Eastern European counties. The
second chapter analyzes the gender test score gap in a within country study for
Turkey. In this chapter we evaluate the effect of individual characteristics, family
characteristics and school characteristics on the gender test score gap. The third
chapter deals with inverse propensity score weighting estimators and double robust
estimators. In this chapter a new estimation procedure is developed, which allows

to estimate the treatment effects with a lower mean squared error.

The first chapter of this thesis analyzes the Programme for International Student
Assessment (PISA) test score gaps between Finland and seven Eastern European
countries as well as between Eastern European counties. This chapter is joint work
with Alina Botezat and forthcoming in The Economics of Transition. Using data
from the 2006 survey, we choose Finland as benchmark for our analysis. It is the best
performing country in the PISA study and is considered to have the most effective
and equitable school system. In the first step we analyze the contribution of indi-
vidual characteristics to the test score gaps between Finland and Eastern European
countries. In the second step we disentangle the PISA test score gaps between East-
ern European countries, which had similar educational systems 20 years ago. The
precondition that two countries belonged to the same country forms a natural exper-
iment, that reveals how two countries develop over the subsequent years. We extend
the semiparametric alternative of the twofold Blinder-Oaxaca decomposition to esti-

mate a threefold decomposition. Our decomposition method has several advantages
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over the parametric Blinder-Oaxaca decomposition usually applied in the literature.
The semiparametric decomposition relaxes the parametric functional form assump-
tion on the outcome equation. It provides useful information on the gender test
score gap not only at the mean but also on the distribution of the gap over the en-
tire test score distribution. In addition, the standard Blinder-Oaxaca decomposition
ignores the common support problem. In the semiparametric decomposition, on the
other hand, counterfactual outcomes are computed only for the common support
subpopulation. Moreover, the semiparametric matching method allows to estimate
the missing potential outcome for each individual separately, allowing us to account
for arbitrary individual effect heterogeneity. We provide evidence that only a small
part of the gap can be attributed to the fact that the Finnish students are better en-
dowed with more favorable family background characteristics. The main part of the
gap still remains after controlling for the individual background. The students from
Southeastern Europe are those who have the largest potential outcome increase if
they would have more of the unobserved factors like other individual characteristics,
institutional aspects of the school system, resources, cultural factors and so forth.
Moreover, we find that the average test score gaps between Finland and Eastern
European countries are mainly due to the fact that the poorly performing students
in Finland score much higher than the poorly performing students in the Eastern
European countries. Among Easter European countries our results show that the
differences in individual and family background characteristics are highly significant

and explain part of the test score gap in science and reading.

The second chapter studies the origin of the gender inequalities in educational per-
formance. This chapter is joint work with Zahide E. Gevrek and has the status
revise and resubmit at the journal Labour Economics. Gender inequalities in ed-
ucational performance has been the subject of much research for many decades.
Promoting gender equality in education is an important policy goal especially in
developing countries as it is associated with greater equality in employment out-
comes, lower infant mortality rates, a decrease in the number of early marriages
and better investments in education and health of future generations. Using data
from the 2006 Programme for International Student Assessment (PISA), this study
explores the gender gap in mathematics and science achievement of 15-year-olds in
Turkey. Turkey is an interesting case to study as it has the largest average gender

test score gap in science and one of the smallest gap in mathematics among OECD
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countries. The exploration of gender test score gap is important for the following
reasons. First, recent research on the economic impact of human capital investment
underlines the prime importance of educational quality over pure schooling attain-
ment. Social scientists use international tests of students’ performance in cognitive
skills such as mathematics and science as a proxy for education quality. There exists
a significant effect of the mathematics test score on annual earnings. Since math
and science skills are highly valued in the labor market, understanding the gender
patterns in these subject fields allows us to gain insight into the gender wage gap
and differential education and labor market choices across genders. Second, using
data from the international student achievement tests, empirical growth research
documents a significant impact of the quality of education on economic growth.
Moreover, educational quality leads to longer school attendance in the developing
countries. Thus, educational policies aimed to improve quality of education also help
meet goals for educational attainment. For our decomposition we use the parametric
Blinder-Oaxaca decomposition as well as a robust kernel estimator, which is a lin-
ear combination of the local constant estimator and the local linear estimator. The
semiparametric BO decomposition results can be summarized as follows. The mean
test score gap is 15.1 points in favor of girls in science while it is not statistically
significant in math. Girls possess more of the characteristics associated with high
science scores. School characteristics are the most important observable characteris-
tics in explaining the gap, followed by the family background. Our findings suggest
that ignoring the common support problem causes the underestimation of the part
of the gap attributable to observable characteristics. Moreover, the gender test score
gap shows a heterogenous pattern across the test score distribution. We find that
in science, the gap favoring girls is statistically significant until the top quantile and
the largest gap occurs at the median. In math, the gap is statistically significant

only at the top quantile where boys outperform girls.

In the third chapter, which is joint work with Selver Derya Uysal and Winfried
Pohlmeier, a simple way of improving propensity score weighting and double robust
estimators in terms of mean squared error (MSE) in finite samples is introduced.
The approach achieves a lower MSE by shrinking the propensity score towards the
share of treated. This Stein-type simple shrinkage substantially mitigates the prob-
lems arising from propensity score estimates close to the boundaries. Even though

shrinkage methods are very popular in other areas of statistics and econometrics,
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they have not been combined with weighting estimators yet. The proposed shrinkage
method is a linear combination of the conditional mean of the treatment variable
and its unconditional mean. Like other shrinkage methods the degree of shrinkage
is determined by a tuning parameter. We propose three different methods to choose
this parameter such that certain optimality conditions are satisfied. First, we con-
sider a simple fixed valued tuning parameter, which only depends on the sample
size. Second, we minimize the MSE of our linear combination to choose the optimal
value. Third, we propose a cross validation procedure to obtain the optimal tun-
ing parameter. We demonstrate the mean squared error gains in finite samples via
a comprehensive Monte Carlo study. We consider homogeneous and heterogenous
treatment, homoscedastic and heteroscedastic error terms as well as different ratios
of treatment and control group. Moreover, the simulation design captures differ-
ent functional forms. Since we construct the shrunken propensity scores in such a
way that they converge to the conventional propensity scores our proposed method
leads to the same results as the standard approaches in large samples. Therefore,
we focus on sample sizes 100, 200 and 500 only. Additionally, we evaluate the finite
sample performance with and without applying trimming rules. Our results show
that the estimators based on the shrunken propensity scores have a lower MSE than
the weighting estimators based on the unshrunken propensity scores in all of the
settings if we use the fixed valued or the MSE minimizing tuning parameter. For
the cross validated tuning parameter the MSE is reduced in 99.3% of the cases,
respectively. If a trimming rule is applied to the proposed approach we are able
to decrease the MSE of the ATE in 99.7% of the cases for the fixed valued tuning
parameter. For the MSE minimizing and cross validated tuning parameter the MSE
is reduced in 98.8% and 96.9% of the cases, respectively. In the rare cases where the

MSE is not improved the increase is very small.
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Zusammenfassung

Diese Dissertation besteht aus drei eigensténdigen Aufsédtzen zur semiparametrischen
Schétzung von Behandlungseffekten. Behandlungseffekte bezeichnen den kausalen
Effekt einer Variablen auf eine bestimmte Zielgrole und die semiparametrischen
Schitzungen vermeiden die parametrischen Annahmen beziiglich ihres Zusammen-
hangs. Die Arbeit ist wie folgt gegliedert: Das erste Kapitel analysiert, in wie
weit sich die Differenzen in den Testergebnissen des Programmes zur internationalen
Schiilerbewertung (PISA) zwischen verschiedenen osteuropéischen Landern und Finn-
land auf die unterschiedlichen Charakteristiken der Schiiler zuriickfithren lassen.
Zusétzlich werden in diesem Kapitel die Differenzen in den Testergebnissen zwi-
schen osteuropdischen Léndern, die bis vor 20 Jahren dhnliche Bildungssysteme
hatten, untersucht. Das zweite Kapitel analysiert den geschlechtsspezifischen Un-
terschied in den Testergebnissen der PISA-Studie innerhalb der Tiirkei. In diesem
Kapitel wird die Wirkung der Charakteristiken der Schiiler, des Familienhintergrun-
des und der unterschiedlichen Schulcharakteristiken auf das geschlechtsspezifische
Testergebnis untersucht. Das dritte und letzte Kapitel befasst sich mit so genannten
“Inverse Propensity Score Weighting Estimators” sowie doppelt robusten Verfahren
zur Schitzung eines Behandlungseffektes. Darin wird ein neues Schétzverfahren
entwickelt, das es erlaubt, die Behandlungseffekte mit einem niedrigeren mittleren

quadratischen Fehler zu schétzen.

Das erste Kapitel dieser Arbeit analysiert die Unterschiede in den Testergebnissen
der PISA-Studie zwischen Finnland und sieben osteuropéischen Staaten sowie zwi-
schen osteuropéischen Staaten untereinander. Dieses Kapitel ist eine gemeinsame
Arbeit, die ich mit Alina Botezat geschrieben habe und die in Kiirze in The Eco-
nomics of Transition erscheinen wird. Anhand der Daten der PISA-Studie 2006
wéhlen wir Finnland als Mafistab fiir unsere Analyse, da es die hochste durch-
schnittlich Punktezahl aller teilnehmenden Staaten erzielte. Das finnische Schul-

system wird auBlerdem h#ufig als das beste, das effektivste und gerechteste Schul-
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system der Welt bezeichnet. Im ersten Schritt analysieren wir, in wie weit sich die
Unterschiede in den Testergebnissen zwischen Finnland und verschiedenen osteu-
ropéischen Staaten auf die individuellen Charakteristika der Schiiler zuriickfiithren
lassen. Im zweiten Schritt betrachten wir die Differenzen in den Testergebnis-
sen zwischen Tschechien und der Slowakei, sowie zwischen Estland und Lettland,
also Staaten, die bis vor 20 Jahren zum jeweils gleichen Staat gehort haben und
somit dhnliche Bildungssysteme hatten. Die Voraussetzung, dass zwei Staaten zu
dem gleichen Staat gehorten, bildet die Grundlage eines natiirlichen Experiments,
das es erlaubt, die unterschiedliche Entwicklung in beiden Staaten iiber die ver-
gangenen Jahre zu betrachten. Unser Verfahren zur Zerlegung der Unterschiede
hat mehrere Vorteile gegeniiber der parametrischen Blinder-Oaxaca-Zerlegung, die
in der Literatur {iblicherweise angewandt wird. Das von uns verwendete semi-
parametrische Verfahren beruht ndamlich nicht auf parametrischen Annahmen iiber
die funktionale Form der PISA-Testgleichung. Des Weiteren werden, im Vergleich
zur Standard Blinder-Oaxaca-Zerlegung, nur die Beobachtungen in Betracht gezo-
gen, die, gegeben den Regressoren, auch vergleichbar sind. Dariiber hinaus er-
laubt die semiparametrische Matching-Methode individuelle Heterogenitéat in der
kontrafaktischen Evidenz. Unsere Ergebnisse zeigen, dass nur ein kleiner Teil der
Differenzen in den Testergebnissen auf die Tatsache zuriickzufiihren ist, dass die
finnischen Schiiler mit besseren Eigenschaften ausgestattet sind. Der Hauptteil der
Differenzen bleibt auch bestehen, wenn man fiir die unterschiedlichen, individuellen
Hintergrund kontrolliert. Die Studenten aus Siidosteuropa sind diejenigen, die am
meisten davon profitieren wiirden, wenn sie mehr der unbeobachteten Faktoren (wie
andere individuelle Merkmale oder die institutionellen Aspekte des Schulsystems,
Ressourcen, kulturelle Faktoren usw.) der Finnen haben wiirden. Auflerdem finden
wir, dass sich die durchschnittlichen Differenzen in den Testergebnissen zwischen
Finnland und den osteuropéischen Staaten hauptséchlich auf die schlechteren Schiiler
zuriickfithren lassen. Relativ schlechte Schiiler aus Finnland erzielen wesentlich
héhere Punktzahlen als die schlecht abschneidenden Schiiler aus den osteuropéischen
Staaten. Wenn wir die Differenzen in den Testergebnissen zwischen osteuropéischen
Staaten betrachten, sieht man, dass die Unterschiede in individuellen und fami-
lidiren Hintergrundvariablen signifikant sind und somit einen Teil der Differenz in
den Testergebnissen erkldaren. Dies gilt sowohl in dem naturwissenschaftlichen Test,

als auch fiir die Ergebnisse im Lesetest.
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Das zweite Kapitel befasst sich mit der Herkunft geschlechtsspezifischer Ungleich-
heiten in schulischen Leistungen. Es ist eine gemeinsame Arbeit mit Zahide E.
Gevrek und hat den Status “revise and resubmit” bei der Zeitschrift Labour Eco-
nomics. Forschungen iiber geschlechtsspezifische Ungleichheiten in schulischen Leis-
tungen waren {iber viele Jahrzehnte Gegenstand zahlreicher Untersuchungen. Die
Forderung der Gleichstellung der Geschlechter in der Bildung ist eines der wichtigs-
ten politischen Ziele. Dies gilt insbesondere in Entwicklungsléndern, da geschlechts-
spezifische Ungleichheiten in schulischen Leistungen mit Gleichbehandlung in der
Beschiftigung, niedrigerer Sduglingssterblichkeit, einem Riickgang der Zahl der Ehe-
schlieBungen im Jugendalter und gréfleren Investitionen in Bildung und Gesundheit
der zukiinftigen Generationen korrelieren. Anhand der PISA-Daten aus dem Jahr

2006 untersucht diese Studie die geschlechtsspezifischen Unterschiede in Mathematik
und den Naturwissenschaften der 15-Jéhrigen Schiiler/-innen in der Tiirkei. Dieser
Staat ist ein interessanter Fall, da es dort unter allen teilnehmenden OECD-Staaten
den groBten geschlechtsspezifischen Unterschied in den naturwissenschaftlichen Test-
ergebnissen gibt, aber gleichzeitig auch der kleinste Unterschied beziiglich der Test-
ergebnisse in Mathematik beobachtet werden kann. Die Erforschung der Unter-
schiede in den Testergebnissen von Jungen und Médchen ist aus folgenden Griinden
wichtig. Erstens unterstreicht die neuere Forschung auf dem Gebiet der wirtschaftli-
chen Auswirkungen der Investitionen in das Humankapital die vorrangige Bedeu-
tung der padagogischen Qualitdt im Vergleich zur reinen Schulbildung, also dem
daraus resultierenden Signal. Da sozialwissenschaftliche Untersuchungen zeigen,
dass in internationalen Tests die Leistungen der Schiiler/-innen in Fichern wie
Mathematik und Naturwissenschaften als Proxy fiir die Qualitédt der Bildung dienen,
konnen Riickschliisse auf diese Qualitit gezogen werden. So gibt es beispielsweise
einen signifikanten Effekt der Testergebnisse in Mathematik auf den Jahresverdi-
enst. Da mathematische und naturwissenschaftliche Féahigkeiten auf dem Arbeits-
markt besonders gut entlohnt werden, ermdoglicht das Verstédndnis der geschlechts-
spezifischen Muster in diesen Bereichen Einblicke in das geschlechtsspezifische Lohn-
gefille sowie die unterschiedlichen Bildungs- und Arbeitsmarktentscheidungen von
Ménnern und Frauen. Zweitens wurde in der Wachstumsforschung anhand von in-
ternationalen Vergleichstests ein wesentlicher Einfluss der Bildungsqualitit auf das
Wirtschaftswachstum nachgewiesen, sodass durch die SchlieBung der geschlechter-
spezifischen Unterschiede auch eine Auswirkung auf dieses Wachstum zu erwarten

ist. Des Weiteren hat die Qualitdt der Schulbildung, insbesondere in Entwick-

13
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lungsléndern, einen direkten Einfluss auf die Bildungsabschliisse der Schiiler /-innen.
Fiir die Untersuchung der geschlechtsspezifischen Ungleichheiten in schulischen Leis-
tungen verwenden wir zusétzlich zur parametrischen Blinder-Oaxaca Zerlegung eine
semiparametrische Alternative, die auf einem robusten Kerndichteschétzer beruht.
Die Ergebnisse der semiparametrischen Zerlegung kénnen wie folgt zusammenge-
fasst werden: In den Naturwissenschaften erzielen die Médchen im Durchschnitt
ein Testergebnis, das 15.1 Punkte besser ist als das der Jungen, wohingegen wir
in Mathematik keinen signifikanten Unterschied finden. Die Schulcharakteristiken
sind die wichtigsten beobachtbaren Eigenschaften bei der Erklarung der Differen-
zen, gefolgt vom Familienhintergrund. Dariiber hinaus zeigen unsere Ergebnisse,
dass sich die Differenzen in den Testergebnissen iiber die Verteilung éndern. Im
naturwissenschaftlichen Test ist die Differenz iiber alle Quantile signifikant und die
grofite Differenz ist am Median. In Mathematik ist die Differenz lediglich am obers-

ten Quantil statistisch signifikant. Hier schneiden Jungen besser ab als Méadchen.

Das dritte Kapitel entstammt einer gemeinsamen Arbeit mit Selver Derya Uysal
und Winfried Pohlmeier. Darin wird eine einfache Mdéglichkeit zur Verbesserung der
“Propensity-Score Weighting” und doppelt robusten Schétzern hinsichtlich der mitt-
leren quadratischen Fehler (MSE) in endlichen Stichproben vorgeschlagen. Dabei
werden die Gewichte auf Basis einer linearen Kombination aus der konditionalen
Wahrscheinlichkeit und der unkonditionalen Wahrscheinlichkeit bestimmt. Dieser
Stein-Typ-Ansatz der Schitzung verringert die Probleme, die durch konditionale
Wahrscheinlichkeiten nahe Null und Eins entstehen. Obwohl dies Methoden sehr
beliebt und in anderen Bereichen der Statistik und Okonometrie weit verbreitet sind,
wurden sie noch nie auf diese Art der Schétzer angewandt. Um die konditionalen
Wahrscheinlichkeiten mit der unkonditionalen Wahrscheinlichkeit kombinieren zu
konnen, muss ein Komplexitdtsparameter bestimmt werden. Wir entwickeln in
unserem Artikel drei verschiedene Varianten, um diesen Parameter zu bestimmen.
Alle drei Verfahren befriedigen bestimmte Optimalitdtsbedingungen. Zunéchst be-
trachten wir einen einfachen, festen Wert fiir die Wahl des Komplexitatsparameters,
in dem wir ihn lediglich von der Stichprobengrofie anhéingig wéhlen. Die zweite Vari-
ante basiert auf der Minimierung des MSE der vorgeschlagenen linearen Kombina-
tion, um den optimalen Wert zu wihlen. Drittens schlagen wir ein Verfahren vor, das
nur von den Daten abhéngig ist. Der optimale Komplexitdtsparameters wird dabei

durch eine Kreuzvalidierung bestimmt. Durch eine umfassende Monte Carlo Studie
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zeigen wir die Verbesserungen des mittleren quadratischen Fehlers in endlichen Stich-
proben. Wir betrachten hierfiir homogene und heterogene Behandlungseftekte, ho-
moskedastische und heteroskedastische Fehlerterme, sowie unterschiedliche Verhalt-
nisse der Behandelten- und der Kontrollgruppe. Dariiber hinaus erfasst das Design
unserer Simulation verschiedene funktionale Formen. Da die Linearkombination aus
konditionaler Wahrscheinlichkeiten und den unkonditionalen Wahrscheinlichkeiten
zu den urspriinglichen konditionalen Wahrscheinlichkeiten konvergiert, betrachten
wir in unserer Monte Carlo Studie lediglich die Stichprobenumfénge 100, 200 und
500. Dariiber hinaus bewerten wir die Schéitzungen mit und ohne Anwendung so
genannter Trimming-Regeln. Unsere Ergebnisse zeigen, dass die Verwendung der Li-
nearkombination aus der konditionalen Wahrscheinlichkeit und den unkonditionalen
Wahrscheinlichkeiten den mittleren quadratischen Fehler der Schétzer fiir die Be-
handlungseffekte in allen Féllen reduziert, wenn man den Komplexitatsparameter
lediglich abhéngig von der Stichprobengréfle oder anhand der MSE-Minimierung
wihlt. Bestimmt man ihn durch Kreuzvalidierung, kann man den MSE in 99.3% der
Félle verbessern. Wird zusétzlich eine Trimming-Regel angewandt, verbessert sich
der MSE der Schitzer fiir die Behandlungseffekte in 99.7% der Fille, wenn man den
Komplexitatsparameter lediglich abhéngig von der Stichprobengrofie wéhlt. Wird
er anhand der MSE-Minimierung bestimmt, verbessert sich der MSE der Schétzer in
98.8% der Fille und in 96.9% der Vergleiche, wenn man ihn mit Hilfe einer Kreuz-

validierung bestimmt.
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1. EDUCATIONAL PERFORMANCE GAPS IN EASTERN EUROPE

1.1 Introduction

Over the past twenty years, Eastern European countries have gone through peri-
ods of transition and structural changes which also affected the educational system.
Most Eastern European countries have adopted reforms to adapt the educational
system to the new requirements of the job market. The success of these reforms
in education can be assessed by analyzing the results of international standardized
test scores such as PISA (Programme for International Student Assessment), TIMSS
(Third International Mathematics and Science Study), or PIRLS (Progress in Inter-
national Reading Literacy Study). The results from PISA 2006, for example, show
that there is a high variation in performance of the Eastern European countries.
Many of the Eastern European countries are still in a transition process and have
not yet overcome the initial disadvantages compared to Western countries. Most
of them perform statistically significantly below the OECD average and only Esto-
nia, Slovenia and the Czech Republic perform in the upper part of the distribution
(OECD (2007)).

The first aim of this paper is to analyze the PISA test score gaps between Finland
and seven Eastern European countries (Estonia, Czech Republic, Hungary, Roma-
nia, Bulgaria, Latvia and Slovakia). Using data from the 2006 survey, we choose
Finland as the benchmark for our analysis. It is the best performing country in the
PISA study and is considered to have the most effective and equitable school system
(Ammermiiller (2007)). Our results help to understand how much of the gap can
be attributed to individual and family background characteristics and how much is

due to other factors.

The second aim is to disentangle the PISA test score gap between countries which
had similar educational systems 20 years ago. Estonia as well as Latvia belonged
to the Soviet Union until 1991, the Czech Republic and Slovakia together formed
Czechoslovakia until the end of 1992. The precondition that two countries belonged
to the same country forms a natural experiment, that reveals how two countries,

which start from more or less the same point, develop over the subsequent years.
To achieve the two aims, we disentangle the effects that explain the gaps in order

to show which factors contribute to the differences in school performance. More

specifically, we look at the extent to which the differences in individual and family
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background characteristics contribute to explaining the observable gaps in school
performance. Thus, we should be able to answer the following questions: Which
educational system manages to generate high returns to these important individual
and family background characteristics? What would be the expected outcome of
the students from one country, if, given their individual characteristics, they would
attend the school system of a country that on average performs better than their

home country?

This paper contributes to the previous literature in several ways: First of all, it
makes an original contribution by introducing a semiparametric method to estimate
a threefold decomposition into the educational literature. Thus far such a semi-
parametric method is only used to estimate a twofold decomposition, especially in
explaining the gender differences in wages, but not in the research regarding the
decomposition of differences in school outcomes. More exactly, the methodology
applied here is a semiparametric version of the threefold Blinder-Oaxaca decompo-
sition which disentangles the effects in an endowment, return and an interaction
effect between these two. This is important in its own right since recent papers have
demonstrated that the functional form assumptions of the parametric Blinder (1973)
and Oaxaca (1973) decomposition can give misleading results (Barsky et al. (2002),
Mora (2008)). The method is based on an approach proposed by Frolich (2007), who
uses propensity score matching to compute the counterfactual mean. Furthermore,
this is the first paper that decomposes the differences in PISA test scores between
the best performing country in the study and several Eastern European countries as

well as between some Eastern European countries.

The reminder of the paper is the following: The next section provides a general
overview of the educational systems in Eastern Europe. The section 1.3 focuses on
the identification strategy used to decompose the gap in school performance. Section
1.4 presents the PISA study 2006 and describes the data. Section 1.5 discusses the

estimation results. The last section concludes.
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1.2 Overview of the Educational Systems in East-

ern Europe

According to Cerych (1997) and Radé (2001) the following issues of the school sys-
tems in post-communist Eastern Europe can be identified. In all countries, a de-
politisation of education took place, implying the end of ideological control and
orientation of the system. Furthermore, educational change led to the decentral-
ization and liberalization in educational management by breaking down the state
monopoly. Moreover, the pupils or their parents, respectively, now have freedom of
choice concerning their educational path. Another issue of the reforms was redefin-
ing the quality in education. During communism, the most important indicators

for quality was the participation rates and the achievement of the most talented
students (Radé (2001)).

Our sample consists of following countries from Eastern FEurope: Romania, Bulgaria,
Hungary, Czech Republic and Slovakia, Estonia and Latvia. Even if these countries
started reforms at the same time, their subsequent evolution was different, depend-
ing, especially, on the development and the speed of economic reforms. For example,
countries, such as, Estonia, Czech Republic and Hungary went through a process
of rapid privatization (Bjornskov and Potratke (2011)). They are also among the
Eastern European countries performing the best in PISA test scores. Thus, with
few exceptions, we cannot speak of continuity in educational reforms as long as they
depend on factors outside the system itself. Only in the case of Hungary and Esto-
nia were educational policies undivided, due to measures taken before 1989 (Radé
(2001)). The Estonian schools already won a degree of autonomy regarding the
content of curricula during the Soviet period when textbooks were predominantly

written by Estonian authors (Kitsing (2008)).

Generally, previous empirical research on the school performance of Eastern Euro-
pean countries is quite limited, providing mixed results and inconclusive evidence.
One reason was the lack of reliable data that can objectively describe the educa-
tional process in these countries. Before 1989, data reported on human capital stock
(years of schooling, for example) were over-estimated (Beirne and Campos (2007))
and, after 1989, the participation at the international standardized tests (TIMSS,
PIRLS, PISA) was not the same for all countries. Estonia, for example, participated
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for the first time in the PISA Study in 2006. The existence of such comparative data
and of cross-national individual-level survey has allowed the extension of research
in the last years, promising to answer key questions concerning the quality of the

educational system in Eastern Europe.

For the transition period, the paper by Ammermiiller et al. (2005) provides evidence
regarding the production of school quality in Eastern European countries. Even if
these countries faced similar characteristics in the economic and political develop-
ment, the impact of individual factors, school resources and institutional settings on
school performance shows different patterns. Using TIMSS data from 1995, the au-
thors show that the student’s background has a lower impact in those countries which
perform worse (Lithuania, Latvia and Romania) and which adopted reforms regard-
ing the school system later than the other countries. The largest effects are obtained
in Czech Republic and Hungary. The impact of school resources and teacher charac-
teristics on school performance is low in magnitude and does not necessarily indicate
a particular pattern. Only in some cases (Romania, Czech Republic and Hungary),
better training and richer experience of the teachers can positively influence the test
scores. The most favorable institutional setting is in Czech Republic, although the
results show that the variation in test scores cannot be explained by institutional
differences between countries. All in all, Ammermiiller et al. (2005) show substantial
effects of student background on educational performance and much lower impact

of resources and institutional settings.

Based on these findings, our purpose is to quantify the gaps in cognitive skills of
children from Eastern Europe, which is due to differences in individual and family

background characteristics.

1.3 Identification Strategy

One of the central themes in economics of education is to measure the school achieve-
ment gaps. The analysis of disparities in school performance are focused either on
the gender gap in different subjects (Fryer and Levitt (2010), Niederle and Vester-
lund (2010)), on the differences between countries (McEwan and Marshall (2004),
Ammermiiller (2007)), and between different subgroups (Card and Rothstein (2007),
Patacchini and Zenou (2009), Krieg and Storer (2006), Duncan and Sandy (2007),
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Schneeweis (2011)).

All of these studies use a parametric approach and most of them used the Blinder-
Oaxaca decomposition or a modified parametric version of it. The traditional
Blinder-Oaxaca decomposition determines the source of the differences at the means
and breaks down a gap into two parts by estimating one counterfactual mean. The
first part, the characteristics effect, can be explained by the differences in the char-
acteristics of individuals and the second part, commonly known as the unexplained
gap, is a structure effect, which reflects the differences in slope coefficients. A com-
prehensive overview of the Blinder-Oaxaca decomposition is provided by Fortin et al.
(2010). The main disadvantages of the Blinder-Oaxaca decomposition are the igno-

rance of the common-support problems and the functional form assumptions.

To avoid these drawbacks, we apply a semiparametric method, which does not as-
sume a specific functional form of the outcome equations. Moreover, the counterfac-
tual mean is computed using only those individuals who are actually comparable.
The semiparametric matching method also accounts for arbitrary individual effect
heterogeneity (Heckman et al. (1999), Imbens (2004)).

This semiparametric method identifies the counterfactual mean as it is done in the
evaluation literature. There, the interest usually lies in the estimation of the effect
of a program. To isolate the true effect of the program, the observed outcome has to
be compared to the outcome that would have resulted had the individuals not been
treated (not participated in the program). To estimate this counterfactual mean,
information on the non-participants is used. One possibility is to match treatment
with comparison units that are similar in terms of their observable characteristics.
Generally, matching directly on the vector of characteristics would be computation-
ally demanding and, due to the curse of dimensionality, it would become hard to

find good matches if the number of covariates is large.

To overcome this problem, Rosenbaum and Rubin (1983) demonstrate that matching
can be done on a single-index variable, namely the propensity score. Frolich (2007)
is the first to use such a matching procedure outside the treatment evaluation liter-
ature. He shows that mean independence is sufficient for consistency of propensity

score matching and uses it to decompose the gender wage gap analogously to the
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Blinder-Oaxaca decomposition into a characteristics and return effect. In this paper,

we will extend this procedure to estimate a threefold decomposition.

To obtain the propensity score, we estimate the probability that an individual be-

longs to the better performing country (D = 1) by a logit regression, i.e.
p=Pr[D=1|X =x] =F (2'B) (1.1)

where F'(2/f) represents the cumulative logistic distribution. In the next step, the
density of this propensity score is estimated using a Gaussian Kernel estimator.
Kernel matching then uses all members of one group to generate a match for each
observation in the other group. The contribution of each member is thereby de-
termined by the bandwidth and is smaller, the poorer the match is. Following
Frolich (2004), we select the bandwidths by leave-one-out cross-validation to min-
imize the least-squares criterion and choose as bandwidth search grid 0.01\/59_2

for g =1,...,59 and oo.

To apply propensity score matching, we only use data at the individual level. We
refer here to measures for the students’ characteristics (age and gender) and for fam-
ily background (number of books at home, parents’ education). These variables are
commonly used to measure the (in)equality of educational opportunities (WéBmann
(2008), Schiitz et al. (2008), Martins and Veiga (2010)). From these indicators, the
number of books is preferable, being the most important measure of family back-
ground, which best predicts the student performance (Wémann (2003), Fuchs and
WoBmann (2007), WoBmann (2008)). As pointed out in the literature (Schiitz et al.
(2008)), due to the heterogeneity in the structure of school systems, a certain level
of parents’ education in one country may correspond to a different level in another
country. This may affect the comparability of the impact that the parental education
has on children’s school performance across countries. Despite this drawback, we
nonetheless use information on parents’ education in order to capture the intergener-
ational genetic transmission of abilities that are also associated with the educational
achievement of children (Plug and Vijverberg (2003)).

Under these considerations, we intend to measure precisely how much of the total
gap can be explained by differences in the distributions of observable individual and

family background characteristics and how much of the gap is due to other factors,
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such as school resources and different institutional features of the school system.

We decide not to include school variables in the estimation of the propensity score
for the following two main reasons. First of all, the matches become poor when
including school and educational resources variables as some of them - like com-
prehensive schooling, for example - are almost perfect predictors for the respective
country. Secondly, the educational resources are not randomly allocated into schools
(Schneeweis (2011)) and, thus, may distort the impact they have on school achieve-

ment.

Let fi(p) be the distribution of the propensity score p = p(X) among those from
country D = 1 (the better performing country) and fy(p) the distribution among
those pupils from country D = 0 (the worse performing country). In such a way,

the test score gap
A=E[Y'D=1]-E[Y°D =0 (1.2)

where Y¢ indicates the outcome of those from country D = d, for d € {0, 1}, can be

expressed as

A= / E\[Y|p(z) = plfi(p) dp—
/ Ey[Y [p(x) = plfo(p) dp (13)

where E1[Y|p(z) = p] = E[Y|p(z) = p, D = 1] and Ey[Y|p(z) = p] = E[Y[p(z) =
p, D =0

The common support is evaluated by comparing the distributions (histograms) of the
estimated propensity scores by the treatment variable as suggested in Lechner (2010).
Figure 1.B.1 of Appendix 1.B shows that for each country comparison there are
individuals with similar propensity scores from both countries. Thus, the histograms
do not indicate overlap problems and, therefore, we estimate the counterfactual

means without applying any common support correction.!

Tf we follow Dehejia and Wahba (1999) and use only those observations for the estimation that
have a propensity score which is lower than the maximum propensity score of the control group
and higher than the minimum propensity score in the treated group, the estimation results do not
change. These results are available upon request.
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Moreover, we assume mean independence given x. If E[Y|D = 0,X = z] =
ElY|D = 1,X = z] holds, Frolich (2007) shows that the counterfactual means

are identified by estimating

mwwzmz/&wwwzmmm®mm (1.4)

EY|D =1 = [ EalYlp(a) = plfu(p) d (15)
where the counterfactual mean for p(x) = p can be estimated by the Nadaraya-
Watson estimator

N I{Dy = dYK (B Y;
XTI = d}K ()

Thereby, K is the kernel function, h the bandwidth and n the number of observa-

Eq[Y|p(z) = p] for d € {0,1} (1.6)

tions. The first counterfactual E[Y!|D = 0] gives the expected outcome those from

country D = 0 would have in country D = 1.2

In order to disentangle the effects of the gap, we extend the procedure applied by
Frolich (2007) by decomposing the gap into three parts, where D = 1 always denotes

the better performing country:

/fﬂ%@:mMM®—/%WM@:MMM®
:/&WwﬁzmM@fh@ﬂ®

Ac
+ [ IV = 51 = BalY () = 51) o) 0o
A,
+ [ BYIpe) = 5]~ EolY Io(o) = 9]l [(6) — fo(p)) dp (17)

Acr

In terms of the Blinder-Oaxaca decomposition, the first term can be attributed to
differences in the distributions of individual characteristics and is, therefore, the char-
acteristics effect (A.). It captures the difference of the test scores that would vanish

if the characteristics of the students from the worse performing country would follow

2Note that the problem of self-selection does not occur in our context as the treatment is the
attendance of a school system in another country. Since we only use natives and second generation
immigrants (see section 1.4), this cannot be influenced by the individuals.
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the same distribution as those of the students from the better performing country.
The second summand is the part of the gap that can be explained by those factors,
other than the few individual characteristics described above, that determine the
school performance (e.g. other individual characteristics, institutional aspects of the
school system, resources, cultural factors etc.). It is analogous to the return effect
(A,) in the Blinder-Oaxaca decomposition. The term in the last brackets (A.,) is
the interaction effect between the characteristics and the return effect, reflecting the
fact that the gap could also be determined by the simultaneous existence of differ-

ences in the distributions of individual characteristics and in the returns.

We decide to apply the threefold decomposition, used for the first time in decom-
posing the gap in test score by Ammermiiller (2007), for the following reason. When
we have to decompose a gap in test score, we should take into account that individ-
uals can be better endowed with characteristics that, at the same time, are better

rewarded by their school systems than by the other school system.

In our case, the interaction term (if positive) expresses how much better the students
from the worse performing country would score on average if the students from the
better performing country did not have the advantage of being better endowed with
those characteristics that are also better rewarded in terms of test scores in their
country, or less endowed with those characteristics that are better rewarded in the

worse performing country.

Compared to the parametric Blinder-Oaxaca decomposition, the approach applied

here does not specify the regression function as linear.

To analyze the heterogeneous pattern of the test score gaps across the test score

distribution we additionally look at the gaps at different quantiles:

A" =Fil (1) = Fyh_(7)

yl|D=1 y°|D=0

where F;l\lD:l(T) (Fy7)|1D=0(T)) is the 7-quantile of the test score distribution among

country 1 (country 0).

All standard errors of our estimates are obtained by bootstrapping, using 1000 boot-

strap iterations.
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1.4 Data

The following analysis is based on data from PISA 2006. PISA assesses the achieve-
ment of 15-year-olds in mathematics, reading and science literacy. Apart from test
scores, data on pupils’ social and cultural background were collected as well as in-

formation about the school environment of students (OECD (2007)).

The data contain information on more than 35 000 students and more than 2000
schools. For comparison reasons, the scores have been standardized to a mean of
500 and a standard deviation of 100. Our sample consists of data from Finland
and seven Eastern European countries: Estonia, Czech Republic, Hungary, Roma-
nia, Bulgaria, Latvia and Slovakia. A general description of the variables used in
this study is given in Table 1.A.1 of Appendix 1.A. Since the performance of the
immigrants from the first-generation could also reflect the influence of other school
systems than the one they currently attend, we decide to drop these students from
the samples. Moreover, the share of first generation immigrants was quite different

for the countries in our sample.

Having to deal with a high volume of data, the problem of missing data in PISA
study is inevitable. As Ammermiiller (2007) noted, dropping individuals with miss-
ing information could lead to an upward bias in test scores, since the missing data are
not missing at random, being predominant among students who have low test scores.
One solution to overcome this problem is to predict the values of these data using
the complete information available from all students. Thus, we decide to impute all

the missing values by applying a method suggested by Wéfimann et al. (2009).

Table 1.A.2 of Appendix 1.A presents the weighted means and standard deviations

for the variables used in our study.

The descriptive statistics reported in Table 1.A.2 show some differences in observable
characteristics between students from different countries. Looking at the number of
books, more than a third of students from Bulgaria and Romania have less than 25
books at home, while the corresponding percentage in the other countries is between
16 and 20. In all countries, the parents are well educated, but some differences can
still be noticed. In Finland, the majority of the parents have a tertiary education

whereas the majority in the Eastern European countries have upper secondary edu-
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cation. Among the Eastern European countries, the parents in Czech Republic and
Slovakia are best educated. In both countries, more than 75 percent of the students

have parents who completed upper secondary education.

According to data from Table 1.A.2, the range of differences in test scores between
Finland and countries from Eastern Europe is very large. It is between 152 points
(Finland - Romania in reading) and 32 points (Finland - Estonia in science). Also,
the spread of the test scores in countries from Eastern Europe is very different:

higher in Bulgaria and in Czech Republic, lower in Estonia, Latvia and Romania.

1.5 Estimation Results

To estimate the different components of the PISA test score gap, we include the
individual and family background variables explained above in the estimation of
the propensity score. Since the estimation results are similar for math and science
from the point of view of the magnitude and sign effects, we only report the science
results. All of our decompositions are formulated from the point of view of the worse

performing country (D = 0).

Results for the Decompositions of the Science score gaps between Finland

and Eastern European countries

Table 1.1 shows the results of the semiparametric decompositions for the science
PISA test scores between Finland and seven Eastern European countries. The first
striking result is that, for all seven countries, the return effect is significantly positive
and the effect with the largest magnitude. This indicates that, given their average
characteristics, the students from each of the seven Eastern European countries
would have on average higher test scores in science if they attended the Finnish

school system.
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Table 1.1: Semiparametric decomposition result for

science
Countries Ac Ay Acr A
FIN-EST 3.04 30.39*** —1.42 32.02***
(1.96) (2.07) (2.34) (1.73)
FIN-CZE 5.05 54.74*** —8.43** 51.35***
(3.02) (3.10) (3.85) (1.85)
FIN-HUN 0.76 59.04*** 1.05 60.85***
(1.98) (2.20) (2.36) (1.82)
FIN-LTV —1.05 69.05*** 5.94** 73.94%**
(2.41) (2.22) (2.81) (1.84)
FIN-SLK 4.66** 63.34*** 8.15* 76.15%**
(3.44) (2.31) (3.78) (1.89)
FIN-BUL 29.86*** 115.55%** —16.47*** 128.94***
(1.96) (2.25) (2.19) (2.02)
FIN-ROM 10.76*** 134.10%** 2.33 147.20%**
(1.65) (2.04) (1.81) (1.92)

Note: The country which has worse performance is always the refer-
ence country. Standard errors are in brackets and simulated with 1000
bootstrap replications. * if the 5% and 95% quantile of the bootstrap
distribution have the same signs, ** if the 2.5% and 97.5% quantile of
the bootstrap distribution have the same signs, *** if the 0.5% and
99.5% quantile of the bootstrap distribution have the same signs.

Particularly the pupils from Bulgaria and Romania would profit from a such school
system, making it possible to increase their score in science by more than 100 points

on average.

The characteristics effect is smaller in magnitude and only significant for three coun-
try comparisons that include the poorer performing countries. It is positive for
six countries, but only significant for the comparisons Finland-Slovakia, Finland-
Bulgaria and Finland Romania. This reveals that the Finnish students tend to have,
on average, slightly more favorable characteristics than the students from Eastern
European countries. We only obtain a negativ characteristics effect when we com-

pare Finland with Latvia, but this effect is insignificant.

The interaction effect is significantly positive only when we compare Finland with
Latvia and Finland with Slovakia, showing that the gap would be smaller if the
Finnish students did not have the advantage of being better endowed with those
characteristics which are also better rewarded by the Finnish school system com-
pared to the other school system. For Finland-Bulgaria and Finland-Czech Repub-

lic, the interaction effects are significantly negative.
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All in all and under the assumption of mean independence given the covariates, our
estimation results suggest that the higher average score in science in Finland is not
due to a better individual and family background of the Finnish students, but rather
to the fact that the Finnish school system is more efficient in transforming the given

inputs into PISA test score points.

Results for the Decompositions of the Reading score gaps between Fin-

land and Eastern European countries

Table 1.2 contains the results for the PISA reading scores.

Table 1.2: Semiparametric decomposition result for

reading
Countries Ac Ay Acr A
FIN-EST —5.48** 42.38%** 7.93%** 44.82%**
(2.12) (2.28) (2.66) (1.70)
FIN-CZE 5.98* 62.04*** —4.38 63.64***
(3.45) (3.09) (4.01) (2.03)
FIN-HUN —0.28 61.41*** 4.06 65.19***
(2.29) (2.18) (2.59) (1.84)
FIN-LTV —2.58 61.75%** 8.51** 67.41%**
(2.65) (2.90) (3.58) (1.82)
FIN-SLK 2.10 67.58%** 11.47** 81.15%**
(3.97) (2.32) (4.23) (1.92)
FIN-BUL 30.50%** 127.59*** —15.11%** 142.98***
(2.11) (2.46) (2.39) (2.14)

FIN-ROM  9.42%**  138.15%** 4,92+ 152.49%**
(1.91) (2.05) (2.02) (1.95)

Note: The country which has worse performance is always the refer-
ence country. Standard errors are in brackets and simulated with 1000
bootstrap replications. * if the 5% and 95% quantile of the bootstrap
distribution have the same signs, ** if the 2.5% and 97.5% quantile of
the bootstrap distribution have the same signs, *** if the 0.5% and
99.5% quantile of the bootstrap distribution have the same signs.

It can be seen that, except for the comparison of Finland and Latvia, the gaps for
reading scores are larger than the gaps for the science results. Moreover, the results
yield more or less the same interpretation as the results for the PISA science test
scores. Again, all return effects are significantly positive and by far the largest in
magnitude. The characteristics effects are only negative for Estonia, Latvia and Hun-
gary. It is statistically significant only for the first one, indicating that the Estonian
students are slightly better endowed with those characteristics which yield higher

reading scores. For the other four countries, the characteristics effect is positive indi-
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cating that, on average, the Finnish students are slightly better endowed with more
favorable characteristics or less endowed with less favorable characteristics. For the
reading scores, four of the interaction effects are positive and significantly different
from zero, which suggest that the Finnish students have a slight advantage due to
the fact that they are better endowed with those characteristics that also yield a
higher return in Finland. Only the interaction effect for the country comparison

with Bulgaria is significantly negative.

Results for the Decompositions of the Science and Reading score gaps

among Eastern European countries

As indicated before, the results from the PISA study show that there is a signifi-
cant variation in the performance, not only between Finland and Eastern European
countries, but also between countries from Eastern Europe, which shared the same
educational system for decades. We refer here to Czech Republic and Slovakia as
well as Estonia and Latvia. Since each pair of countries also share a common his-
tory with respect to their religion, culture and the influence of other countries, we
expect them to be more similar than the students in the previous decompositions.
Given these considerations, it is interesting to have a look at the gap of each of these
two pair of countries that were more common twenty years ago but have developed
differently since the early 1990’s, in order to explain their test scores gaps at PISA
study 2006.

The decomposition results are presented in Tables 1.3 and 1.4. The two country
comparisons reveal interesting results. The characteristics effect is highly significant
for science and reading. The return effect is also high in magnitude and statistically
significant, explaining almost the whole gap between Estonia and Latvia, both in
science, as well as in reading. The interaction effect is negative for all four decom-

positions and highly significant.
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Table 1.3: Semiparametric decompositions for
science between Eastern European countries

Countries Ac JANS Acr A

EST-LTV 7.08%** 40.68*** —5.84*** 41.92%**
(0.96) (1.77) (1.04) (1.90)

CZE-SLK  19.67***  27.19*** —22.06***  24.80***
(1.19) (2.15) (1.79) (1.96)

Note: The country which has worse performance is always the refer-
ence country. Standard errors are in brackets and simulated with 1000
bootstrap replications. * if the 5% and 95% quantile of the bootstrap
distribution have the same signs, ** if the 2.5% and 97.5% quantile of
the bootstrap distribution have the same signs, *** if the 0.5% and
99.5% quantile of the bootstrap distribution have the same signs.

Table 1.4: Semiparametric decompositions for
reading between Eastern European countries

Countries Ac Ay JA A

EST-LTV ~ 7.01%** 22.20%** —6.62%** 22.59%**

(0.94) (1.84) (1.07) (1.95)
CZE-SLK  21.84***  24.37*%*  _28.70***  17.51%*
(1.37) (2.41) (2.06) (2.30)

Note: The country which has worse performance is always the refer-
ence country. Standard errors are in brackets and simulated with 1000
bootstrap replications. * if the 5% and 95% quantile of the bootstrap
distribution have the same signs, ** if the 2.5% and 97.5% quantile of
the bootstrap distribution have the same signs, *** if the 0.5% and
99.5% quantile of the bootstrap distribution have the same signs.

In the case of the Czech Republic and Slovakia, the magnitude of this effect is
especially large and works in favor of Slovakian students. Even if the students from
the Czech Republic have the advantage of higher returns, they are less endowed
with those characteristics that are better rewarded by their school system than by
the Slovakian system or more endowed with those characteristics that are better
rewarded by the Slovakian school system, as reflected by the negative values of the

interaction effects.

Results for the Science and Reading total score gaps at different quantiles

In this part we will look at the PISA test score gaps at different quantiles to un-
derstand whether the students performing well or poorly drive the differences in the

average test scores.

Figure 1.B.2 of Appendix 1.B displays the distribution of the total gaps at differ-

ent percentiles for the science test score, showing that the distributions of the gaps
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are quite different for various country comparisons. To get a better understanding
Table 1.A.3 of Appendix 1.A additionally presents the science test score gap at five

quantiles.

For the Finland-Estonia comparison, the gap is relatively low for very small per-
centiles and than increases to around 30 points at the 5" percentile. Afterwards, it is
approximately constant between 30 and 34 points. For the Finland-Czech Republic,
Finland-Slovakia as well as Finland-Bulgaria comparisons, the test score gap is de-
creasing over the whole distribution, indicating that the poorly performing students
are the driving forces behind the average gap. If we look at the distribution of the
test score gap for Finland-Hungary we see that it is increasing until approximately
the 12 percentile and than decreasing up to the 96'" percentile. For Finland-
Latvia and Estonia-Latvia, the test score gaps are constant over the distribution.
For Finland-Romania, it is inverse u-shaped and for the Czech Republic-Slovakia

comparison, it is decreasing for very small percentiles and increasing afterwards.

Figure 1.B.3 of Appendix 1.B displays the distribution of the total gaps at differ-
ent percentiles for the reading test score. Table 1.A.4 of Appendix 1.A additionally
presents the test score gaps at five quantiles. It shows that the differences in gaps
between the two extremes of the distribution (ps-pgs) are higher for the reading than
for the science test score. Thus, these results show that there is a higher hetero-
geneity in students’ performance not only between students from different countries
at the respective percentile, but also along the same distribution of the reading test
scores. Moreover, the gaps in reading are higher than the total gaps in science at

the lower part of the distribution.

Figure 1.B.3 also shows that for all country comparisons except Czech Republic-
Slovakia, the test score gap in reading is decreasing over the distribution of the test
score gaps. This result, which holds for all comparisons between Finland and the
seven Fastern European countries, indicates that the large average test score gaps

in reading are mainly due to the poorly performing students.
This result gives further insight as to why the Finnish students perform best in the

PISA 2006 study. The Finnish school achieves that the poorly performing students

perform much better than the poorly performing students of the other countries.
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If we look at the comparison between Estonia and Latvia, as well as, the Czech
Republic and Slovakia, we find this pattern only for the first pair. In the case of
the Czech Republic and Slovakia, the total gap is smallest in the lower part of the

distribution and increases steadily afterwards.

1.6 Conclusion

This paper analyzes how much of the average differences in PISA test scores between
the seven Eastern European countries and Finland as well as the differences between
the countries from Eastern Europe, can be attributed to a small set of important

individual and family characteristics.

Moreover, we contribute to the literature by introducing a semiparametric matching
procedure to estimate a threefold decomposition. Most important, our procedure

relaxes the functional form assumptions of the usual Blinder-Oaxaca decomposition.

Applying this method in decomposing the gaps in PISA test scores provides interest-
ing insights. We provide evidence that only a small part of the gap can be attributed
to the fact that the Finnish students are better endowed with more favorable family
background characteristics. The main part of the gap still remains after controlling
for the individual background. The students from South Eastern Europe are those
who have the largest potential outcome increase if they would have more of the
unobserved factors like other individual characteristics, institutional aspects of the

school system, resources, cultural factors and so forth.

Estonia, the country which adapted its school system to the Finnish school system
more than any other country in our sample, has the lowest estimated return ef-
fect. Estonia not only performs best out of our Eastern European countries but also

among the best of all participating countries.

For science, we find different patterns of the test score distributions. For the Finland-
Estonia comparison, the gap is increasing at low percentiles and stays relatively
constant afterwards. For the Finland-Latvia comparison, the test score gaps are
constant over the distribution, whereas for Finland-Romania it is u-shaped. For the

Finland-Czech Republic, Finland-Slovakia as well as Finland-Bulgaria comparisons,
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the test score gap is decreasing over the whole distribution and the distribution of
the test score gap for the comparison Finland-Hungary is increasing at low percentile
and than decreasing. For reading, we find for all comparisons between Finland and
the seven Eastern European countries that the test score gap is decreasing over the

whole distribution.

All in all and especially for reading, this indicates that the average test score gaps
between Finland and the Eastern European countries are mainly due to the fact
that the poorly performing students in Finland score much higher than the poorly

performing students in the Eastern European countries.

Moreover, our paper exploits the fact that some Eastern European countries had
a very similar school system 20 years ago. Estonia and Latvia both belonged to
the Soviet Union and share a similar history and the Czech Republic and Slovakia
composed Czechoslovakia until 1992. This provides us with a situation similar to a
natural experiment. In both cases, the countries started from a very similar point
but then developed differently over the past years. For these countries, the differ-
ences in individual and family background characteristics are highly significant and

explain part of the test score gap in science and reading.

If we look at the distribution of the gap, we find that it is constant over the distribu-
tion if we compare the science test score between Estonia and Latvia. It is slightly
decreasing if we focus on the reading test score, indicating that the poorly perform-
ing Estonian students perform better than the poorly performing Latvia students,
whereas the better performing students score closer together in the two countries.
Compared to that, we find that the gap is increasing over the distribution for both
subjects if we compare the Czech Republic to Slovakia. Hence, this is the only
pair of countries where the better performing country scores, on average, higher due
to the fact that the best performing students perform much better than the best
performing students of the worse performing country and the weak performing stu-
dents from the better performing country perform only slightly better than the weak

performing students from the other country.
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Appendix 1.A Tables

Table 1.A.1: Variables’ description

Variable Min Max Description

Test scores

Reading score 5.67 781.96 mean of five plausible values for reading
Math score 40.61 819.05 mean of five plausible values for math
Science score 93.56 820.52  mean of five plausible values for science
Student Background

Student’s sex 0 1 1 for male

Student’s age (in months)  182.04  195.96 Student’s age in month

Books Cat.1 0 1 1 if less than 11 books at home
Books Cat.2 0 1 1 if 11-25 books

Books Cat.3 0 1 1 if 26-100 books

Books Cat.4 0 1 1 if 101-200 books

Books Cat.5 0 1 1 if 201-500 books

Books Cat.6 0 1 1 if more than 500 books
Mother’s education

No secondary 0 1 1 if completed at most ISCED 1
Lower secondary 0 1 1 if completed ISCED 2
Upper secondary 0 1 1 if completed ISCED 3A,3B,3C or 4
Tertiary 0 1 1 if completed ISCED 5B or higher
Father’s education

No secondary 0 1 1 if completed at most ISCED 1
Lower secondary 0 1 1 if completed ISCED 2
Upper secondary 0 1 1 if completed ISCED 3A,3B,3C or 4
Tertiary 0 1 1 if completed ISCED 5B or higher

Source: PISA 2006 data, own calculations.

Table 1.A.2: Weighted means and standard deviations

Finland Estonia Czech R. Hungary

Variable Mean  St.dev. Mean  St.dev. Mean  St.dev. Mean  St.dev.
Reading Score 548.50 75.86 506.68 80.18 484.87  105.76  483.31 90.05
Math Score 550.26 75.15 516.48 75.80 511.14 98.41 491.81 86.84
Science Score 565.56 80.66 533.55 79.67 514.21 94.84 504.71 84.70
Male 0.49 0.50 0.51 0.50 0.56 0.50 0.52 0.50
Age 187.77 3.40 189.66 3.44 190.53 3.43 188.49 3.43
Books Cat. 1 0.05 0.22 0.05 0.21 0.05 0.23 0.06 0.24
Books Cat. 2 0.11 0.31 0.11 0.31 0.10 0.30 0.11 0.31
Books Cat. 3 0.34 0.48 0.29 0.45 0.35 0.48 0.28 0.45
Books Cat. 4 0.24 0.43 0.24 0.43 0.23 0.42 0.21 0.41
Books Cat. 5 0.19 0.39 0.20 0.40 0.17 0.38 0.18 0.39
Books Cat. 6 0.07 0.26 0.12 0.32 0.09 0.29 0.16 0.37
Mother’s education

No Secondary 0.04 0.19 0.00 0.03 0.01 0.08 0.01 0.09
Lower Secondary 0.06 0.24 0.03 0.17 0.03 0.17 0.14 0.35
Upper Secondary 0.33 0.47 0.62 0.49 0.77 0.42 0.57 0.50
Tertiary 0.58 0.49 0.35 0.48 0.20 0.40 0.28 0.45
Father’s education

No Secondary 0.06 0.24 0.00 0.06 0.00 0.05 0.01 0.07
Lower Secondary 0.09 0.28 0.04 0.21 0.02 0.14 0.09 0.29
Upper Secondary 0.42 0.49 0.77 0.42 0.76 0.43 0.68 0.47
Tertiary 0.43 0.50 0.18 0.39 0.22 0.41 0.22 0.42

Number of obs. 4609 4703 5813 4395

Source: PISA 2006 data, own calculations.
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Table 1.A.2 (cont’d): Weighted means and standard deviations

Latvia Slovakia Bulgaria Romania
Variable Mean  St.dev. Mean  St.dev. Mean  St.dev. Mean  St.dev.
Reading Score 481.09 84.09 467.35 99.67 405.52  110.95  396.02 86.35
Math Score 487.98 77.43 493.07 89.85 415.70 95.60 414.92 79.31
Science Score 491.63 80.02 489.41 89.49 436.63 102.63  418.37 77.68
Male 0.48 0.50 0.51 0.50 0.52 0.50 0.50 0.50
Age 189.61 3.42 188.64 3.38 188.87 3.42 188.91 3.31
Books Cat. 1 0.06 0.24 0.08 0.27 0.20 0.40 0.15 0.36
Books Cat. 2 0.12 0.33 0.12 0.32 0.16 0.37 0.21 0.41
Books Cat. 3 0.31 0.46 0.40 0.49 0.28 0.45 0.33 0.47
Books Cat. 4 0.24 0.43 0.23 0.42 0.16 0.37 0.15 0.36
Books Cat. 5 0.17 0.38 0.12 0.33 0.12 0.33 0.10 0.30
Books Cat. 6 0.10 0.30 0.05 0.22 0.08 0.27 0.06 0.24
Mother’s education
No Secondary 0.00 0.05 0.00 0.04 0.02 0.12 0.03 0.16
Lower Secondary 0.02 0.14 0.04 0.21 0.11 0.31 0.09 0.29
Upper Secondary 0.69 0.46 0.81 0.40 0.59 0.49 0.54 0.50
Tertiary 0.29 0.45 0.15 0.36 0.29 0.45 0.34 0.48
Fathers’s education
No Secondary 0.00 0.06 0.00 0.05 0.01 0.12 0.03 0.16
Lower Secondary 0.03 0.18 0.03 0.16 0.08 0.27 0.07 0.25
Upper Secondary 0.77 0.42 0.82 0.39 0.74 0.44 0.60 0.49
Tertiary 20 0.40 0.16 0.36 0.16 0.37 0.30 0.46
Number of obs. 4542 4675 4255 5102
Source: PISA 2006 data, own calculations.
Table 1.A.3: Test score gaps at different quantiles for science
Quantile 5% 25% 50% 5% 95%
FIN-EST 30.49*** 32.36*** 33.66*** 31.70%** 29.65
(4.49) (2.50) (2.26) (2.22) (3.39)
FIN-CZE 69.56*** 66.77*** 52.68*** 38.98*** 26.30***
(4.38) (2.74) (2.48) (2.56) (2.96)
FIN-HUN 63.59*** 65.93*** 62.48%** 57.81%** 51.29***
(3.53) (2.62) (2.43) (2.11) (3.08)
FIN-LTV 71.33%** 75.44%** 75.16%** 74.50%** 70.22%**
(4.25) (2.74) (2.35) (2.35) (2.99)
FIN-SLK 86.25*** 83.36™** 77.95%** 67.51%** 61.17***
(4.26) (2.47) (2.52) (2.87) (2.87)
FIN-BUL 152.93***  151.06™**  134.84***  113.48*** 84.39***
(4.92) (2.50) (3.10) (3.00) (3.26)
FIN-ROM  130.17*** 149.57*** 152.09*** 152.09*** 144.16%**
(4.04) (2.78) (2.94) (2.57) (3.60)
EST-LTV 40.84*** 43.08%** 41.50%** 42.80%** 40.56™**
(4.55) (3.04) (2.39) (2.38) (3.44)
CZE-SLK 16.69*** 16.60*** 25.27*** 28.53*** 34.87***
(4.55) (2.82) (2.57) (3.12) (2.94)

Note: The country which has worse performance is always the reference country. Standard
errors are in brackets and simulated with 1000 bootstrap replications. * if the 5% and
95% quantile of the bootstrap distribution have the same signs, ** if the 2.5% and 97.5%
quantile of the bootstrap distribution have the same signs, *** if the 0.5% and 99.5%
quantile of the bootstrap distribution have the same signs.
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Table 1.A.4: Test score gaps at different quantiles for reading

Quantile 5% 25% 50% 75% 95%
FIN-EST 50.85*** 46.79%** 44.13%** 41.55%** 41.63***
(5.42) (2.66) (2.03) (2.18) (2.76)
FIN-CZE 113.59*** 87.63*** 60.86*** 38.93*** 23.12%**
(5.45) (3.16) (2.54) (2.46) (3.06)
FIN-HUN 89.28*** T4.54*** 60.49*** 54.02%** 51.67***
(4.76) (3.02) (2.32) (2.10) (2.85)
FIN-LTV 81.97*** 75.51%** 65.70%** 60.49*** 57.44***
(3.79) (2.80) (2.26) (2.33) (2.84)
FIN-SLK 127.89*** 98.27*** 77.01%** 62.29%** 48.78***
(3.78) (2.68) (2.38) (2.24) (3.66)
FIN-BUL 192.82%** 172.32%** 142.68*** 115.67*** 84.53***
(4.24) (2.94) (3.01) (2.61) (3.64)
FIN-ROM  166.03*** 163.58*** 152.85%** 143.26*** 135.89***
(3.88) (3.00) (2.27) (3.15) (3.67)
EST-LTV 31.12%** 28.71%** 21.58*** 18.94*** 15.81%**
(5.70) (3.12) (2.57) (2.52) (2.71)
CZE-SLK 14.30** 10.65%** 16.16*** 23.36*** 25.66™**
(5.89) (3.63) (3.07) (2.58) (3.64)

Note: The country which has worse performance is always the reference country. Standard
errors are in brackets and simulated with 1000 bootstrap replications. * if the 5% and
95% quantile of the bootstrap distribution have the same signs, ** if the 2.5% and 97.5%
quantile of the bootstrap distribution have the same signs, *** if the 0.5% and 99.5%
quantile of the bootstrap distribution have the same signs.
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Appendix 1.B Figures

Figure 1.B.1: Histogram estimates of the propensity score distributions
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Figure 1.B.2: Quantile test score gaps in science
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2. SEMIPARAMETRIC DECOMPOSITION OF THE GENDER
ACHIEVEMENT GAP: AN APPLICATION TO TURKEY

2.1 Introduction

Gender inequalities in educational performance have been the subject of much re-
search for many decades. Promoting gender equality in education is an important
policy goal especially in developing countries as it is associated with greater equality
in employment outcomes, low infant mortality rates, a decrease in the number of
early marriages and better investments in education and health of future generations
(OECD (2010)). Using the data from the 2006 Programme for International Student
Assessment (PISA), this study explores the gender gap in mathematics and science
achievement of 15-year-olds in Turkey. We apply a semiparametric Blinder-Oaxaca

(BO) decomposition to investigate the gap.

The exploration of gender test score gap is important for the following reasons.
First, the recent research on the economic impact of human capital investment un-
derlines the prime importance of educational quality over pure schooling attainment
(Hanushek et al. (2009)). Social scientists use international tests of students’ perfor-
mance in cognitive skills such as mathematics and science as a proxy for education
quality. Mulligan (1999) and Murnane et al. (2000) show that mathematics test
score in high school has a significant effect on annual earnings. Since math, and
science skills are highly valued in the labor market, understanding the gender pat-
terns in these subject fields allows us to gain insight into the gender wage gap and
differential education and labor market choices across genders. For example, if girls
lag behind boys in terms of the accumulation of math skills in childhood and adoles-
cence, they are less likely than boys to choose science, technology and engineering
as a field of study at tertiary level, promoting gender inequality in employment op-
portunities such as the underrepresentation of women in math-intensive fields. Sec-
ond, using data from the international student achievement tests, empirical growth
research documents a significant impact of the quality of education on economic
growth (Hanushek and Kimko (2000); Jamison et al. (2007)). Moreover, Hanushek
and Hitomi (2008) provide evidence that educational quality leads to longer school
attendance in the developing countries. Thus, educational policies aimed to improve

quality of education also help meet goals for educational attainment.

The contribution of this paper to the literature is threefold. First, although Blinder-
Oaxaca decomposition (Oaxaca (1973); Blinder (1973)) has been widely used to
examine discrimination in the labor market, the application of this methodology in
the economics of education is quite recent. It has been applied to examine the test
score gap between countries (Ammermdiller (2007)), schools (private versus public)

(Duncan and Sandy (2007); Krieg and Storer (2006)) and ethnic groups (indigenous

44



2. SEMIPARAMETRIC DECOMPOSITION OF THE GENDER
ACHIEVEMENT GAP: AN APPLICATION TO TURKEY

versus non-indigenous) (Sakellariou (2008); McEwan (2004)). There are only two
studies that use the decomposition to analyze the gender test score gap. Sohn (2012)
uses an aggregate quantile decomposition to analyze the gender mathematics gap in
primary school in the USA while Hille (2011) use a detailed decomposition at mean

to study the gender gap in mathematics in French primary school.

Our decomposition method has several advantages over the standard BO decompo-
sition. The semiparametric decomposition relaxes the parametric functional form
assumption of the standard BO decomposition. In addition, the standard BO de-
composition ignores the common support problem. Nopo (2008) provides evidence
that failure to account for the problem of lack of common support leads to system-
atically upward-biased estimates of the unexplained part. In the semiparametric
decomposition, on the other hand, counterfactual mean is computed only for the
common support subpopulation. The rationale behind this empirical strategy en-
sures that female and male observations that are actually comparable in terms of
their observed characteristics are matched. The semiparametric matching method
also accounts for arbitrary individual effect heterogeneity (Heckman et al. (1999),
Imbens (2004)).

Second, there are a number of studies that examine gender gap in educational attain-
ment in Turkey! However, studies on the quality of education, which is measured
by achievement on standardized tests, basically analyze the determinants of aca-
demic achievement without paying sufficient attention to the causes of the gender
test score gap.? To the best of our knowledge, this is the first study that rigorously
examines the gender test score gap in Turkey using a semiparametric BO decompo-
sition. Moreover, Turkey is an interesting case to study as it has the largest average

gender test score gap in science and one of the smallest gap in mathematics among

!Tansel (2002) uses data from the 1994 Household Budget Survey to investigate determinants of
the gender gap in educational attainment. Utilizing data from the 1988 and 2006 Household Labor
Force surveys, Hisarciklhilar et al. (2010) examine how the gender gap in educational attainment
changed over an 18-year period during which Turkey launched the educational modernization pro-
gram. Focusing on undergraduate students in a large public university in Turkey, Dayioglu and
Tiiriit-Asik (2007) examine gender gaps in university entrance exam scores and academic perfor-
mance. Smits and Hosgor (2006) study the impact of family background variables on participation
in primary and secondary education of children and point to the importance of mother’s education
especially in primary participation of girls. Dayioglu et al. (2009) investigate the effect of sibling
composition on the gender gap in school enrollment in urban Turkey.

2Dincer and Uysal (2010) examine determinants of student achievement in science using data from
the 2006 PISA. Aypay et al. (2007) aim to answer the same research question by utilizing data
from the 1999 Trends in Mathematics and Science Study (TIMMS). Erberber (2010) uses the 2007
TIMMS to investigate factors associated with Turkey’s regional differences in science achievement.
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OECD countries.?

Third, as science literacy was the subject area assessed in depth in PISA 2006, stu-
dents were asked about different aspects of how they view science. The PISA 2006
contains questions looked at students’ general and personal value of science, their
interest and enjoyment of science, plus their self-concept of their own abilities in sci-
ence and whether they are motivated to use science in the future. Taking advantage
of this information, we construct two indexes, namely the index of students’ general
level of beliefs in their academic abilities in science and the index of motivation in
science. We expect that the higher levels on each index, the higher the student’s
performance in science and math. Although, these indexes are subjective measures
of motivation and ability, they allow us to control for potentially endogenous effects

at least to some extent.

The semiparametric BO decomposition results can be summarized as follows. The
mean test score gap is 15.1 points in favor of girls in science while it is not sta-
tistically significant in math. Girls possess more of the characteristics associated
with high science scores. School characteristics are the most important observable
characteristics in explaining the gap. Our findings suggest that ignoring the com-
mon support problem causes the underestimation of the part of the gap attributable
to observable characteristics. Moreover, gender test score gap shows heterogeneous
pattern across the test score distribution. We find that in science, the gap favoring
girls is statistically significant until the top quantile and the largest gap occurs at the
50" percentile. In math, the gap is statistically significant only at the top quantile

where boys outperform girls.

This study is organized as follows. The next section reviews studies exploring the
gender test score gap and provides background information on the education system
in Turkey. Section 2.3 describes the data and variables used in the empirical anal-
ysis. Section 2.4 introduces the econometric model and discusses the identification

strategy. Section 2.5 presents results while section 2.6 concludes.

3 According to the PISA 2006 test results, the mean gender test score gap in science across OECD
countries ranges between 11.9 score points in favor of girls in Turkey and 10.06 score points in favor
of boys in the UK. In math, boys outscore girls in all countries except Iceland. Turkey with 4.48
score points on the low end while Austria has the highest gap with 22.61 score points.
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2.2 Background and Literature

Factors Influencing Gender Test Score Gap: Nature versus

Nurture

There has been much interest in examining the link between the structure of brain
and gender differences in educational outcomes. The proponents of biological theo-
ries argue that gender differences in brain composition, hormone levels and spatial
ability produce a gap in achievement. Uncovering anatomical, chemical and func-
tional differences between the brains of men and women, Cahill (2012) provides
evidence how these gender-based variations relate to differences in male and female
cognition. Davison and Susman (2001) look at the relationship between cognitive
ability and hormone levels. They investigate whether higher levels of testosterone
are associated with better spatial skills by assessing testosterone levels of boys and
girls aged between 9 and 14 years old at three test session every six months. The
results show positive relations between spatial scores and testosterone for boys at all
three sessions whereas for girls at the third session. Brosnan (2006) points out that
the effects of testosterone on spatial performance cannot be generalized at the right
tail of the spatial distribution. Kucian et al. (2005) examine whether males and
females differ in brain activation and performance patterns when solving number-
related tasks. They observe different activation patterns between males and females
in tasks that require the use of complex problem solving strategies. Ceci et al. (2009)
give an extensive review of studies focusing on biological explanations and under-
score that biological evidence provided by research in this domain is inconsistent
and sometimes contradictory. In our study, we cannot test hypotheses based on

biological explanations due to data limitations.

The other strand of the literature emphasizes sociological and environmental fac-
tors as the cause of the gap. One of the most important sociological arguments
attributes the gender gap in educational achievement to stereotypical thinking such
as believing that girls just cannot do math, language is for girls and math is for
boys. Investigating geographic differences in gender test score gap in the U.S., Pope
and Sydnor (2010) find that there is a large and statistically significant variation in
the gender ratios of 8" graders scoring at the top percentiles of the National Assess-
ment Educational Process (NAEP) across states and census divisions.* They also
find that in areas where men and women are viewed as more equal, gender disparities

are smaller in both stereotypically male-dominated tests of math and science and

4The NAEP is a series of standardized tests in subjects such as math, science and reading. The test
is taken by a sample of public school students in grades 4, 8, and 12 throughout the United States.
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stereotypically female-dominated tests of reading. Fryer and Levitt (2010) show that
parents have lower math expectations for their daughters. They test whether these
parental gender stereotypes can explain why girls fall behind in math. To capture
the parental expectation effect, they also include an indicator variable for having a
mother who works in math-related professions in their regression. The findings indi-
cate that parental expectations do not have a significant impact on the gender math
gap. However, Tiedemann (2000) and Jacobs and Eccles (1992) provide evidence
that parents’ gender stereotyped beliefs about their children’s competence in math
(i.e. math is a male domain) influence children’s self-perceptions of ability in math
and hence their math achievement. Moreover, Carrell et al. (2009) examine the
impact of a teacher’s gender on students’ performance in math and science classes.
Having a female math or science teacher has a significant effect on female students’
performance in math and science while teacher’s gender has little impact on male
students. The effect is more pronounced for female students with very strong math
skills.

Guiso et al. (2008) examine gender test score gaps in mathematics and reading across
40 countries using data from the 2003 PISA. They find that boys, on average, out-
perform girls by 2 percent in mathematics. Moreover, the gap virtually disappears
in more gender-equal countries such as Norway and Sweden. The gender gap is re-
versed in reading. Girls, on average, score 6,6 percent higher than boys. However,
more gender-equal cultures are associated with an increase in the reading gap in
favor of girls. For example, girls’ reading score average is 25.1 higher than that of
boys in Turkey while in Iceland it is 61 higher.® Therefore, their findings point to

the importance of culture in explaining the gender test score gap.

There exists a substantial body of research on the importance of family background
variables such as parental education, family income and educational resources avail-
able at home on student performance (Lara-Cinisomo et al. (2004); Carneiro and
Heckman (2003); Hanushek (2003); Woimann (2003)). In the literature, there is a
long-lasting debate over the relative importance of family background and school-
related factors on students’ achievement (Nonoyama-Tarumi and Willms (2010)).
After taking account of family background factors, Fuchs and Wémann (2007) and
WoBmann et al. (2009) examine the impact of school-related factors on student

achievement across countries using the PISA data sets. They show that both family

5They use several measures for the gender equality of a country such as The World Economic

Forum’s Gender Gap Index (GGI). Larger values of GGI correspond to a better average position
of women in society. Turkey with 0.59 GGI score is on the low end while Iceland with 0.78 is on
the high end.

48



2. SEMIPARAMETRIC DECOMPOSITION OF THE GENDER
ACHIEVEMENT GAP: AN APPLICATION TO TURKEY

socioeconomic status variables and school institutional factors such as whether the
school is public or private and school academic selectivity have significant impacts
on student achievement. However, evidence on school resources such as class size
and student-teacher ratio is mixed. Hanushek (2003) points to inconsistency of the

estimated effect of school resources in the literature.

In sum, it is difficult to address the question of nature versus nurture related to
the gender test score gap due to interactions between biological and environmental

factors.

Secondary Education in Turkey

Formal education in Turkey consists of the institutions of preschool education, pri-
mary education, secondary education and higher education. Preschool education is
voluntary. Eight years of primary education, which used to be five years until 1997,
is compulsory for all Turkish citizens and is free of charge in public schools. There
are also private schools under state control. Students who completed the compulsory
level successfully could proceed to secondary education where most of the schools
are public. Private secondary schools make up only 8,2 percent of the secondary
education system in Turkey (Eurydice (2010)). The duration of the secondary edu-
cation is minimum four years. Some schools in which the medium of instruction is a
foreign language in most of the courses, have a foreign language preparation grade.

Thus, in these schools the secondary education lasts 5 years.

The public secondary education consists of two categories: general secondary educa-
tion and vocational-technical secondary education. There are many different types
of institutions in both categories.® Vocational and technical education institutions
aim not only prepare students for tertiary education but also to educate them as

manpower for business and professional branches.

There are schools such as Anatolian high schools and science high schools that
admit students with entrance examination. Students are accepted to those schools
according to secondary education placement score (Eurydice (2010)). This score is
determined by the entrance exam and competence grades at the end of the 6th, 7th,
and 8th class. The centralized nationwide entrance exam consists of multiple choice
questions focusing on the curriculum. Year end competence grade is the mean of

the two semesters’ end averages of all courses.

SFor further information on these institutions, see http://oogm.meb.gov.tr.
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2.3 Data and Descriptive Statistics

In the empirical analysis, we use the 2006 PISA survey which is a standardized
achievement test in reading, mathematics and science among 15-year-olds enrolled
in grades 7 or above.” The implementation of PISA is coordinated by the Organi-
zation for Economic Cooperation and Development (OECD) at three-year intervals.
The first PISA survey took place in 2000. Every period of assessment focuses on
one particular subject. In the 2006 PISA, the focus is on science. Thus, the survey
consists of questions that assess students’ general and personal value of science, their
interest and enjoyment of science and their self-beliefs as science learners (OECD
(2007)). In addition to test scores in these three subjects, the 2006 PISA data set
provides information on student, family and institutional factors that could help to

explain differences in performance.

PISA 2006 implemented a two-stage stratified sample design. The first stage sam-
pling units comprised individual schools having 15-year-old students. In the second
stage, 35 students were randomly drawn with equal probability within each school.
Final student weights were constructed to account for the probabilities of selection
for individual nonresponse, or for errors in estimating the size of the school or the
number of 15-year-olds in the school at the time of sampling. In our analysis, we

used the sample weights provided in the PISA data set.®

Figures 2.B.1 and 2.B.2 of Appendix 2.B present the mean gender test score gaps
in science and mathematics for all OECD countries. The figures indicate that the
gender gaps in cognitive skills show a similar trend. In mathematics, boys tend to
outperform girls in all the countries except for Iceland. Gender differences are more
pronounced in mathematics than in science. Only in six OECD countries (the United
Kingdom, Luxembourg, Denmark, the Netherlands, Mexico, and Switzerland), boys
on average have significantly higher science achievement than girls and the opposite
is true in two OECD countries (Turkey and Greece). In addition, across OECD
countries Turkey has the largest average gender test score gap in science while it has

one of the smallest gap in mathematics across OECD countries.?

"Turkey participated in PISA in 2003, 2006 and 2009. PISA 2006 started to provide a parents ques-
tionnaire which is an important resource for the socioeconomic backgrounds of students. However,
this questionnaire was optional and therefore not carried out in all the participating countries. As
Turkey did not take part in the parents questionnaire in 2009. Our analysis is based only on the
2006 PISA survey.

8For detailed information on the technical characteristics of the 2006 PISA, see OECD (2009).

9In Turkey, girls, on average, outscore boys in science by 12 score points. In mathematics, however,
boys outscore girls by 6 score points.
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PISA is performed on a representative sample of the national population of 15-year-
olds enrolled in school. However, in Turkey, most of the 15-year-old students are not
subject to compulsory school attendance and 40-45 percent of 15-year-old children
are not in school (Blancy and Sasmaz (2011)). Therefore, when evaluating the PISA
results, one should take into account the fact that the selection into enrollment may
not be random. The majority of children who are not enrolled in school are more

likely to have lower academic achievement levels than those enrolled in school.

In PISA 2006, there were thirteen test booklets, each of which contained a slightly
different subset of items. As each student was administered different items, the clas-
sic test scores, such as the percent of correct answers a student gets on a test, are
not accurate measures of student performance. Thus, PISA 2006 used item response
theory (IRT) to summarize the performance of a sample of students in a subject area
with a simple scale or series of scales.!® For each test and each student, PISA 2006
reported five plausible values to present students’ achievement. We use the average
of those five plausible mathematics (science) values as a measure of the student’s

mathematics (science) performance in PISA 2006.

The variables used to analyze the gender test score gap can be classified into the

following three categories.

Student Characteristics

We control for a student’s grade as it may have something to do with students’
cognitive development. In order to capture a student’s attitudes regarding the im-
portance of studying math, we use students’ responses to the following question:
‘In general, how important do you think it is for you to do well in mathematics?’
A four-point scale with the response categories recoded as ‘very important’ (=4);
‘important’ (=3); ‘little important’ (=2); and ‘not important at all’(=1) is used.
The 2006 PISA data set contains information on attitudinal measures consisting
of self-efficacy, self-concept, interest in science, enjoyment of science, instrumental

motivation to learn science and career intentions (OECD (2009)).

We use two indexes to measure students’ general level of belief in their academic
abilities in science. The index of self-concept measures how students felt about their
academic abilities in science. Table 2.A.1 of Appendix 2.A shows six questions in
the 2006 PISA designed to measure how good students felt they were at science. To

assess self-efficacy in science, students were asked about their level of confidence in

0For more information on item response theory scaling methodology, see OECD (2009).
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tackling specific scientific tasks. The notion of self-efficacy differs from self-concept
as it includes not only a student’s confidence in their ability to do science but also
a student’s belief in their ability to overcome difficulties when attempting scientific
tasks (Marshall et al. (2008)). The list of tasks presented to students is given in
Table 2.A.1. We create the index of beliefs in own abilities in science by simply
adding up indexes of self-efficacy and self-concept. The higher the index is, the
more confident a student is about her/his academic abilities in science. To control
for students’ interest, enjoyment, and motivation with respect to science, we utilize
three indexes. The index of general interest in science is based on a series of questions
designed to gauge their interest in learning about science topics. The list of topics is
shown in Table 2.A.2 of Appendix 2.A. The index of enjoyment of science measures
how much students enjoy learning science topics and acquiring new knowledge in
science. Students were asked questions about the usefulness of science for them and
their future careers. The index of importance of learning science for future career
is created by using students’ responses to those questions that are listed in Table
2.A.2. The index of motivation in science is the simple sum of these three indexes.
The higher the index is, the more motivated a student is to do well in science.
In PISA 2006 students were also asked whether they think that they will have a
science-related career when they are about 30 years old. We create an indicator
variable that takes the value of one if the student expected to have a science-related
career at age 30 and zero otherwise. We expect that students expecting to pursue
a science-related career have higher science/math achievement than those who are

not.

Family Background Characteristics

The 2006 PISA provides researchers with a number of variables that summarize so-
cioeconomic status of family. We use parents’ educational attainment, occupational
status and family income as measures of family socioeconomic status. Parental ed-
ucation is measured by the highest level completed and classified into 3 categories:
i) at most primary education; ii) secondary education; and iii) tertiary education.
We utilize the index of the highest parental occupational status which is based on
the International Socio-Economic Index of Occupational Status (ISEI). The value of
the index ranges from 16 to 90. The higher values of the index are associated with

11

occupations that have higher returns to education.”> We also include two binary

variables indicating whether mother /father has a science-related career.

We use the number of books at home as an indicator of cultural capital. We create

HFor detailed information on the construction of ISEI index, see Gazeboom et al. (1992).

52



2. SEMIPARAMETRIC DECOMPOSITION OF THE GENDER
ACHIEVEMENT GAP: AN APPLICATION TO TURKEY

four dummy variables based on the following categories: i) 0 to 10 books; ii) 11 to
25 books; iii) 26 to 100 books; and iv) more than 100 books. We also control for
the index of home education resources. This index is derived from the availability of
various household items at home such as a study room, technical reference books, a

computer that students can use for schoolwork and educational software.'?

School Characteristics

We create an indicator variable taking the value of one if the school is in a rural area
which is defined as a geographical unit with less than 15.000 inhabitants. We also
create the following seven regional dummies as a set of controls for school location:
Marmara region, Central Anatolian region, Aegean region, Mediterranean region,
Blacksea region, Eastern Anatolian region and Southeastern Anatolian region. We
divide schools into three types, namely general high schools, Anatolian high schools,
and vocational high schools.'® To control for possible differences between public and
private schools, we construct a variable indicating whether the school is public or
private. Examining the effects and mechanisms of gender peer effects in elemen-
tary, middle, and high schools, Lavy and Schlosser (2011) find that an increase in
the proportion of girls is associated with improvement in boys and girls’ cognitive
outcomes. To capture the potential favorable interaction between genders, we use
sex ratio in the school that measures the proportion of girls enrolled at school. The
variables that account for school resources are average class size, and the index of the
quality of the school’s educational resources. The computation of the index is based
on the school principal’s perceptions on potential factors hindering instruction at
school. For example, the school principals were asked whether their schools’ capac-
ity to provide instruction is hindered by shortage of science laboratory equipment

or computers for instruction.!4

12See PISA 2006 Technical Report (OECD (2009), p. 316) for the construction of the index.

13Schools are categorized into the following eight groups in the data set: primary schools, general high
schools, Anatolian high schools, high schools with intensive foreign language teaching, science high
schools, vocational high schools, Anatolian vocational high schools, secondary and vocational high
Schools (also called multi-program high schools). It is important to note that when we construct
school type indicator variables, we group Anatolian vocational high schools and high schools with
intensive foreign language teaching as Anatolian high schools. As there is only one science high
school in the data set, it is treated as an Anatolian high school. Moreover, secondary and vocational
high schools are classified as vocational high schools. Primary schools are classified as general high
schools.

14See PISA 2006 Technical Report (OECD (2009), p. 340) for detailed information on the construc-
tion of the index.
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Descriptive Statistics

Table 2.A.3 of Appendix 2.A shows summary statistics for the final sample by gender.
The final sample excludes cases with missing values on the variables. In mathemat-
ics, males have significantly higher average achievement than females. There is also
a gender difference in perceived importance of doing well in Mathematics. Interest-
ingly, females, on average, attribute more importance to mathematics. The mean
test scores in science indicate a significant gender gap in favor of girls. However,
there is no significant gender difference on the index of motivation in science. 27%
of females expect to have a science-related career at age 30, compared to 25% of
males. 94% of the students are enrolled in the 9*" grade or above. Students in the
7% or the 8% grades who did not complete their compulsory education make up only
4% of the sample.?

The distribution of the educational attainment of parents does not differ consider-
ably between male and female samples. However, there is a significant difference
between the average scores of males and females on the index of the highest parental
occupational status. 5% of fathers and 2% of mothers have a science-related career.
The average annual family income does not vary significantly between male and fe-
male samples. 91% of students are from families whose annual income is less than
the median annual income (24.000 TL) in Turkey. The index of home education
resources does not show a significant gender difference whereas females seem to have

more books at home than males.

98% of students attend public schools. Almost half of the sample has a classroom
size of at least 30 students. On average, females attend schools with a more bal-
anced sex ratio than males do. Females are overrepresented among students who
are enrolled in general high school and Anatolian high school and underrepresented

among those who are enrolled in vocational high school.

The mean value of the index of the quality of the school’s educational resources is
-0.81. The negative value provides evidence that instruction in schools, on average
is hindered by a lack of adequate educational resources. The index does not differ

significantly between male and female samples.!®

15Tn Turkey, the compulsory education ends after eighth grade. Therefore, our sample largely consists
of students who are not subject to compulsory school attendance.

16Tt is important to note that the construction of the index relies on the judgment of school principals
rather than on external observations or the views of students and teachers. Principals may not
provide objective measures of the condition of physical infrastructure.
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One drawback of the PISA assessments is that they are based on the performance
of 15-year-olds that are enrolled in formal education. Therefore, differential drop-
out rates across genders may considerably influence the results. In the specific
case of Turkey, there are significant gender differences in enrollment across regions.
Akkoyunlu-Wigley and Wigley (2008) point out that females residing in rural areas
and eastern provinces are less likely to attend school than their male counterparts.'”
Consistent with the evidence provided in the literature, in our sample females are
underrepresented among schools that are in rural areas and among those that are in
Southeastern Anatolian and Blacksea regions. Given lower female enrollment rate,
the sample of girls is likely to be positively selected sample of 15-year-old girls, which
causes any gender gap favorable to boys to understate. One should take into account

the possible selection bias when interpreting the results.

17Table IV in Akkoyunlu-Wigley and Wigley (2008) shows that in Turkey, the gender gap in secondary
education enrollment is 6.1% in 2003, ranging from 13.3% in Southeastern Anatolian region to 0.4%
in Marmara region.
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2.4 Econometric Model

18 we apply propensity score

As an alternative to the standard BO decomposition
matching method to decompose the gender test score gap into the composition effect
and the return effect. This method estimates the counterfactual mean only for the
individuals who are on the common support. Decomposing the gender wage gap
among college graduates in the UK, Frolich (2007) is the first to use such a match-
ing procedure outside the treatment evaluation literature. Botezat and Seiberlich
(2013) extend this procedure to estimate the threefold Blinder-Oaxaca decomposi-
tion semiparametrically and analyze the PISA test score gap between several Eastern

European countries and Finland.

To obtain the propensity score, we estimate the probability that an individual is
female (D = 1) by a logit regression, i.e. F (2/f) = Pr[D = 1|X = z| = p(z),

18In the standard BO decomposition the test score production function is assumed to be linear for
both genders, i.e. Y7 = X + &1 for females and Yy = X5y + g9 for males. Under the zero
conditional mean assumption E[e1|X] = E[eo|X] = 0. Let D be a dummy variable indicating
whether the student is female (D=1) or not (D=0). After taking the expectations over X, the
overall mean gender test score gap A can be written as follows:

A=EMWI[D=1]-E[Y|D = 0]
= (EXID =11+ E[e1|D =1]) — (E[X[D = 0] fo + E[eo| D = 0])

where E [e1|D = 1] = E[go|D = 0] = 0. After adding and subtracting the counterfactual test score
for females, E[X|D = 1] By, which asks what would girls’ mean test score be if they had the same
returns to educational inputs as boys, the gender test score gap becomes:

A= (E[X|D=1]-E[X|D=0])fo +E[X|D =1} (81 — fo)

where the first term is called the composition effect which can be attributed to differences in
average characteristics between females and males. The second term is due to differences in
average returns to those characteristics and called the return effect.

The estimated gender test score gap is obtained by replacing the expected values of the covariates
by the sample averages and the coefficients by their OLS estimates.

The detailed decomposition can be written as follows:

K
A= (Xl - Xo) 50 + X1( 51 50 Z (X1k — Xok 5% + (510 - 500 )+ ZXlk 51k - 50k)
k=1 k=1

Ac A’V'

A, A,

where K is the number of regressors without constant, Bl is the vector of coefficients for females
while Blk is the coefficient of explanatory variable k for females. The same distinction applies
between By and Bor for males. Xij = n%Zz 1{D; = 1}X;; and X = n%)zz 1{D; = 0} X,
Xl = (]. Xll X12 cee XIK)/; X() = (]. X()l X()Q cee X()K)/, ni is the number of females
and ng the number of males in the samples.
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where F' (/) represents the cumulative logistic distribution. Next, we estimate the
density of this propensity score using a Kernel estimator. Let fi(p), fo(p) be the
distributions of the propensity score for females (D = 1) and males (D = 0) respec-

tively.

The common support is evaluated by comparing the distributions (histograms) of
the estimated propensity scores by the treatment variable as suggested in Lechner
(2010). Figures 2.B.3 - 2.B.5 of Appendix 2.B show the histograms for our different
specifications. If we control for students, family and school characteristics (Figure
2.B.5) there are some females with very high propensity scores, whereas we do not
have male students in our sample with equally high propensity scores. Thus, the
histogram indicates overlap problems and we do the following common support cor-

rection.

We define the common support as {S : p; € [p™", pmam]} je. all observations
with an estimated propensity score that is smaller than the maximum propensity
score of males (p™*M) and larger than the minimum estimated propensity score of
males (p™"M) belong to the common support subpopulation. Let f{(p) and f5 (p)
denote the distributions of the propensity score P = P(X) for this common support
subpopulation S for females (D = 1) and males (D = 0) respectively.'?

The gender test score gap for the common support subpopulation can then be written

as follows:
Ag = ES[Y1|D =1]— ES[YO|D = 0]

:/ammmzmmm®—/&mmm:mﬁ@mx (2.1)

where Y? and Y denote the potential outcomes, E,[Y|P(X) = p] = E[Y|P(X) =
p, D =1] and Ey[Y|P(X) =p] = E[Y|P(X) =p,D = 0].
Frolich (2007) shows that the counterfactual mean is identified as follows:
Esly"ID = 1) = [ ElYP(X) = plf5(0) dp 2:2)
S

The counterfactual represents the expected test score that females (D = 1) would

19de(p) = uéjép:)d is scaled such that the integral integrates to one, where jgp—q is the empirical

probability of being on the common support conditional on having gender d.

o7
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have if they had the same returns to educational inputs as males (D = 0).

We estimate the expected outcome for P(X) = p by the ridge regression proposed
by Seifert and Gasser (1996). This estimator is a convex combination of the local
constant and local linear estimators. Several Monte Carlo studies show that this
estimator has a better performance than other matching estimators (see Frolich
(2004), Busso et al. (2009)). The ridge regression takes the following form:

1p

E[Y|P(X):p,D:0]:(1—R)—+R(

g To M)

1o 9.
ST s, (2:3)

p?—p
where R = S2 —Z”OM S-—ZnoK p)—p ( o_,)j and
TSR P K(pg—p) S By o) \Pi =P
h
0_

T, =T K (%) (p? —p)Y?. Thereby K is the kernel function, h the bandwidth,
no the number of observations and p® the propensity score of those from group 0. p
is chosen such that S; = 0 and R is the ridge parameter. Seifert and Gasser (2000)
develop a rule of thumb for choosing R, according to their rule of thumb the ridge

parameter for local linear regressions is R = rh|p — p|. Thus, this ridge parameter
maxy (K (u))

depends on the point of evaluation p the bandwidth A and r = TR (w)du

e.g. as we

use a Gaussian Kernel, » = 0.3535.

The bandwidths are selected by leave-one-out cross-validation and are chosen to
minimize the least-squares criterion: h* = argmingep Y ;o (Y — ElY;|D; =
0, P;(X) = p,])?, where E_;[V;|D; = 0, P;(X) = p,] is the out of sample predicted
outcome for observation j that is obtained from the data sample without observa-
tion j. Following Frolich (2004) we choose as bandwidth search grid 0.01v/1.2° " for
g=1,...,59 and oo.

After adding and subtracting the counterfactual mean in (2), we can decompose the

gender test score gap for the common support subpopulation in (1), into two parts:

Bs = [ ElYIPCO) = [£50) - £50)] d
" / EY|P(X) = ] — B |P(X) = p]] £(p) dp (2.4)

g

Ar
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The first term can be attributed to differences in the distribution of propensity scores
between females and males and is called the composition effect (A.). It would vanish
if females had the same characteristics as males. The second term is due to differ-
ences in returns to these characteristics and thus called the return effect (A,). It

would vanish if females had the same returns to educational inputs as males.

The identification of the composition and return effects crucially relies on two as-
sumptions. The first one is the conditional independence assumption (CIA) which
guarantees that conditional on confounding variables the potential outcomes are
stochastically independent of the treatment: Y1 D;|P;(X), where P;(X) denotes
the propensity score based on the confounding variables of individual 7. The CIA
requires that all confounding factors associated with the potential outcomes as well

as the treatment status are observed.

To justify the CIA, we control for a rich set of covariates available in the PISA data
set, including student, family background, and school characteristics. Although
we do not have information on innate ability, the data set allows us to construct
two indexes that provide subjective measures of ability and motivation in science.
Those indexes at least partially account for potentially endogenous effects. More-
over, Fortin et al. (2010) point out that the aggregate decomposition would even be
valid in the presence of the correlation between unobserved and observed character-

istics under the condition that the correlation is the same for both genders.

The second assumption is the overlap assumption. It requires that the probability
of being female is smaller than one, i.e. Pr(D = 1|X) < 1. This type of overlap as-
sumption is standard in the literature (e.g. Rosenbaum and Rubin (1983), Heckman
et al. (1997), Hahn (1998), Wooldridge (2002), Imbens (2004)).2° To guarantee that
supp(X|D = 1) C supp(X|D = 0) we restrict the estimation of the composition and

return effect to the common support subpopulation.

To account for the observations in the sample that cannot be matched, we follow

20T here is a stronger version of the overlap assumption called strict overlap (e.g. Robins et al. (1994),
Abadie and Imbens (2006), Crump et al. (2009)). Strict overlap requires that the probability of
being female is strictly smaller than 1 — & for some £ > 0. Khan and Tamer (2010) point out
that a comparable assumption to the strict overlap assumption is needed for v/N - convergence of
some semiparametric estimators. Busso et al. (2009) provide further evidence on the importance
of (strict) overlap assumption.
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Nopo (2008) and decompose the whole gap A into three parts: A = A; +A.+A,.2!
In addition to the composition and return effects, we have A; which represents the
part of the test score gap that can be explained by differences between two groups
of females: those who can be matched with males and those who remain out of the
common support, weighted by the empirical fraction of females who are out of the
common support. A positive value of A indicates that female students, who are
out of the common support, perform better than their counterparts, who are in the

common support.

To analyze the heterogeneous pattern of the gender test score gap across the test
score distribution we additionally look at the gaps of the common support subpop-

ulation at different quantiles:

AL =F! (1) — Fy! (1) (2.5)

yt|D=1,5 y°|D=0,5

where Fy_l\lD:Ls(T) (Fy_o|1D:0,S(T)) is the 7-quantile of the test score distribution

among females (males) who are on the common support.

2.5 Results

The Standard BO Decomposition
Gender Test Score Gap in Mathematics

Table 2.A.4 of Appendix 2.A presents OLS estimates of the gender test score gap

in math. As one moves to right in the table, the number of covariates steadily

21The gap can be written explicitly as follows:

A= M3 D=1

S

/&MHMA@@@/&MHMM&@@]
S

JANY

+ [/El[YIP(X) =pl /7 (p) dp — /Eo[YIP(X) = plf5 (») dp]
S S

/&MHMA@@@/&MHMM&M@]

S S

+ 15| D=0

Ao

where S denotes the non-common support and g §|p=a the empirical probability of being unmatched
conditional on having gender d. As before, the second summand can be decomposed into A, and
A;. Due to our definition of the common support p1g;p—o = 0.
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increases. The raw gap is 8.6 score points in favor of males. Column 2 adds con-
trols for student’s characteristics. The coefficients of grade indicator variables are

1*h grades have

positive and statistically significant. Students in the 9*', 10*" and 1
significantly higher test scores compared to those who are in the 7" or 8% grade.
The higher levels on the index of beliefs in own abilities in science is associated with
higher achievement in mathematics. Students who expected to pursue a scientific
career and placed a higher value on mathematics score significantly higher on the
test. These results are robust across all specifications. The index of motivation in
science has an unexpected negative sign in column 2. However, the coefficient of
the index becomes statistically insignificant when we control for family background
and school characteristics. The test score gap remains negative and significant when
the controls for family background variables are included in column 3. Almost all
these controls enter with the expected sign. The number of books is significantly
positively associated with test score on math. Parents’ education and occupational
status and family income are important predictors of math test score. Students from
families with higher socioeconomic status score better. The coefficient on the index
of home educational resources is positive and statistically significant. Students with
mothers who have a science-related career score better. However, it does not matter

whether the father is in science-related occupation.

The final specification in Table 2.A.4 also adds a set of covariates capturing school
characteristics. As expected, students who attend schools in an rural area and those
with low quality of educational resources score worse. A higher percentage of girls is
associated with a higher math test score. Compared to students attending schools
in Marmara region, those attending schools in Aegean, Mediterranean, and Blacksea
regions score better while those attending in Eastern Anatolian and Southeastern
regions score worse. School type matters. Students from Anatolian high school
score better but, those from vocational high school perform worse than those from
general high school. It is worth noting that in Table 2.A.4, the gender test score
gap becomes larger than the raw gap when the number of covariates increases. The
estimates suggest that controlling for other factors, females score worse than males

in math.

Because females and males may not be equally responsive to changes to covariates,
we perform the analysis separately for males and females. The results presented in
columns 1 and 2 of Table 2.A.6 of Appendix 2.A suggest that the responsiveness
to motivation and ability indexes varies across genders. The effect of motivation

index on math achievement is statistically significant only for males while the effect
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of the ability index is statistically significant only for females. Father’s education is
more important for daughters. Moreover, coefficients on school characteristics show

important differences between males and females.

Table 2.1 below presents the results from the standard BO decomposition for a
reduced set of three factors: student characteristics, family characteristics and school
characteristics. The composition effect is positive and statistically significant at
the 1% level, implying that gender differences in observable characteristics predict
an advantage for females over males in the average mathematics scores. School
characteristics are by far the most important explanatory factors contributing to
the composition effect. Students and family characteristics account for 11.3 percent

and 8.7 percent of the composite effect respectively.

Table 2.1: The standard BO decomposition of the gender test score gap in math

Student Family School Constant
Characteristics Characteristics Characteristics
Total Gap —8.669***
(3.072)
Composition Effect 17.668*** 2.011%** 1.538** 14.120***
(2.765) (0.743) (0.734) (2.388)
Return Effect —26.337*** -11.026 -9.948 —55.596%** 50.233
(3.136) (27.869) (18.127) (20.413) (39.638)

Note: Males are treated as the reference group. Robust standard errors are given in parentheses. The estimations are carried out

using sample weights provided in the data set. *** ** and * indicate that the estimated coefficients are statistically significant at

the 1%, 5% and 10% levels respectively.

The return effect is negative and statistically significant at the 1% level, suggesting
that males are more able to convert educational inputs into higher math test scores.
The contributions of student and family characteristics to the return effect are neg-
ative but statistically insignificant, indicating that there is no discernible gender
difference in transforming student and family inputs into math test scores. The neg-
ative and statistically significant contribution of school characteristics to the return
effect suggests that males appear to have a particular advantage with converting

school inputs into better math test scores.

Gender Test Score Gap in Science

OLS estimates of the gender test score gap in science is presented in Table 2.A.5
of Appendix 2.A. The raw test score gap in science is 10 score points in favor of
females. As expected, students with a more positive view of their abilities in science
and those expecting to pursue a science-related career at age 30 tend to have higher
scores. The more motivated a student is to do well in science, the higher achieve-
ment in science. Moreover, students who attribute more importance to math score

better. When we include family background characteristics, the gender test score
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gap decreases in magnitude but remains statistically significant. Parental education,
income, and occupational status, whether mother has a science-related career, the
number of books at home, and the index of home education resources are statisti-
cally significant in explaining scientific literacy achievement. The next specification
in column 4 adds the school input measures. The gender test score gap diminishes
further in magnitude and loses statistical significance when these variables are in-
cluded. School location and type, proportion of girls enrolled at school, and average

class size are statistically significant predictors of achievement in science.

The results presented in columns 3 and 4 of Table 2.A.6 suggest that variables associ-
ated with statistically significant estimated coefficients are nearly the same for both
gender, implying that there is no substantial difference between male and female
education production function. However, the responsiveness to different covariates
changes across genders. For instance, as in the case of math test results, father’s ed-
ucation is more important for daughters and males respond to school characteristics

differently than females do.

The standard BO Decomposition results are presented in Table 2.2.

Table 2.2: The standard BO decomposition of the gender test score gap in science

Student Family School Constant
Characteristics Characteristics Characteristics
Total Gap 10.098***
(2.731)
Composition Effect 16.517*** 1.643** 0.678 14.196***
(2.498) (0.720) (0.631) (2.122)
Return Effect —6.419** -5.751 -11.871 —54.154*** 65.357**
(2.868) (22.252) (16.576) (18.481) (34.159)

Note: Males are treated as the reference group. Robust standard errors are given in parentheses. The estimations are carried out

using sample weights provided in the data set. *** ** and * indicate that the estimated coefficients are statistically significant at

the 1%, 5% and 10% levels respectively.

The composition effect is positive and statistically significant, suggesting that gender
differences in observable characteristics predict an advantage for girls over boys in
the science test score. Consistent with math test score results, school characteristics
is the most important factor contributing to the composition effect. The contribution
of family characteristics to the composition effect is not statistically significant while
differences in student characteristics account for only 4.1 percent of the composition
effect. The return effect is negative and statistically significant, providing evidence
that males are more efficient in transforming educational inputs into higher science
test scores. Similar to the decomposition results for math score presented in Table
2.1, the most important advantage for males results from higher returns to school
inputs and the contributions of student and family characteristics to the return effect

are negative but statistically insignificant.
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The Semiparametric BO Decomposition

Table 2.3 presents the results from the semiparametric BO decomposition of the
mean test score gap that restricts the comparison to the common support. The
upper panel of Table 2.3 shows the results for science while the lower part shows
those for mathematics. As one moves down in both lower and upper panels of the
table, the set of covariates steadily grows. In the final specification, the percentage

of females who are out of the common support is 12.5 percent.??

Table 2.3: Semiparametric BO decomposition of the mean test score
gap for the common support subpopulation

Characteristics Ac JANS Ag
Student 0.458 9.739%** 10.197***
§ (2.124) (2.731) (2.687)
& Student + Family 4.306** 5.757** 10.063***
% (1.741) (2.404) (2.674)
Student 4+ Family + School  19.526*** —4.380 15.146***
(2.146) (2.557) (2.883)
Student 2.047 —10.694***  —8.647***
- (2.482) (3.273) (3.053)
= Student + Family 6.839*** —15.537***  —8.698%**
= (1.955) (2.647) (3.049)
Student + Family + School = 22.169***  —25.290*** —3.121
(2.408) (2.768) (3.223)

Note: Males are treated as the reference group. The estimations are carried out using
sample weights provided in the data set. Standard errors are given in parentheses and
simulated with 500 bootstrap replications. * if the 5% and 95% quantile of the bootstrap
distribution have the same signs, ** if the 2.5% and 97.5% quantile of the bootstrap
distribution have the same signs, *** if the 0.5% and 99.5% quantile of the bootstrap

distribution have the same signs.

The following conclusions can be drawn from Table 2.3. In science, except the first
specification which controls for only student characteristics, the composition effect is
positive and statistically significant, implying that gender differences in observable
characteristics predict an advantage for girls over boys. As expected, the composi-
tion effect increases as we control for more covariates in the model. The contribution
of school characteristics to the composition effect is very important. The return ef-
fect becomes statistically insignificant when we control for school characteristics.
The final specification presented in the third row of Table 2.3 indicates that girls
outperform boys in science by 15.1 points. In math, the mean test score gap is
8.7 points in favor of boys in the first two specifications, however it turns out to
be statistically insignificant in the final specification. A comparison of the results
presented in Table 2.3 and those in Tables 2.1 and 2.2 reveals that the standard BO

22In Table 2.3, the percentage of females who are out of the common support changes across speci-
fications. In the first specification which only controls for student characteristics, 0.29 percent of
females are out of the common support while this rate is 0.04 percent for the second specification
which controls for student and family characteristics and 12.47 percent for the final specification
which also adds school characteristics to the second specification.
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decomposition tends to underestimate the component of the gender test score gap

attributable to the composition effect.

Table 2.4 presents the results from the semiparametric BO decomposition that also

accounts for the out-of-common-support observations.

Table 2.4: Semiparametric BO decomposition of the mean test score gap

Characteristics Ay JAVS Ay A
Student —0.100 0.458 9.739%** 10.098***
§ (0.139) (2.124) (2.731) (2.679)
& Student + Family 0.034 4.306** 5.757** 10.098***
A (0.119) (1.741) (2.404) (2.679)
Student + Family + School =~ —5.048***  19.526*** —4.380 10.098***
(0.735) (2.146) (2.557) (2.679)
Student —0.022 2.047 —10.694***  —8.669***
- (0.125) (2.482) (3.273) (3.046)
k5 Student + Family 0.029 6.839***  —15.537***  —8.669***
= (0.108) (1.955) (2.647) (3.046)
Student + Family + School = —5.548***  22.169***  —25.290***  —8.669***
(0.753) (2.408) (2.768) (3.046)

Note: Males are treated as the reference group. The estimations are carried out using sample weights
provided in the data set. Standard errors are given in parentheses and simulated with 500 bootstrap
replications. * if the 5% and 95% quantile of the bootstrap distribution have the same signs, ** if the 2.5%
and 97.5% quantile of the bootstrap distribution have the same signs, *** if the 0.5% and 99.5% quantile

of the bootstrap distribution have the same signs.

The mean test score gap in science (math) in the full sample is 10.1 (-8.7) points and
thus very different from the gap in the common support subpopulation presented in
Table 2.3. This finding points to the importance of restricting the comparison only
to those individuals with comparable characteristics. A, and A. are the same as
those in Table 2.3 and they are computed only over the common support. A;, the
difference between females who can be matched with males and those who cannot,
is statistically significant only in the final specification which controls for student,
family and school characteristics. In both science and math, the negative value of
A1 indicates that females who are in the common support perform better than those

who are out of the common support.

It is worth noting that the outperformance of girls over boys in science could be
partially explained by the fact that there exist gender differences in secondary edu-
cation enrollment rate in Turkey where boys have higher enrolment rates than girls.
Therefore, our sample is likely to be composed of a positively selected sample of

girls, causing the overestimation of the gender gap favorable to girls.?

Z3Table 2.A.3 shows that most of the 15-year-old students in our sample are not subject to compulsory
education which ends after 8" grade.
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Table 2.A.7 of Appendix 2.A presents the results from the semiparametric BO de-
composition at different quantiles, allowing us understand the heterogeneous pattern
across the distribution. The top panel of Table 2.A.7 shows that in science, the gap
is in favor of girls and statistically significant until the top quantile. The largest gap
takes place at the 50" percentile. The bottom panel of Table 2.A.7 indicates that
in math, the gap is is statistically significant only at the top of the distribution. At
the top end, girls lag significantly behind boys.

More insight give Figures 2.B.6 and 2.B.7 of Appendix 2.B, which plot the test scare
gaps at the percentiles. Figure 2.B.6 shows that the largest gaps in science are at
very low quantiles and around the median. From the 70" percentile onwards the gap
rapidly decreases and is negative at the 95" percentile. Afterwards the gap starts
to increase again. In math the gap is positive for low quantiles and at becomes
negative at the 10™® percentile (see Figure 2.B.7). Between the 10" percentile and
the 68" percentile the gap is very small, but slightly in favor of boys. From the
75" percentile onwards the gap is again decreasing. At the 99" percentile the gap

amounts to -20.41.

2.6 Conclusion

In this paper, we use a semiparametric Blinder-Oaxaca (BO) decomposition to in-
vestigate the gender PISA test score gap in mathematics/science in Turkey. Our
semiparametric approach differs from the standard BO decomposition in several as-
pects. It decomposes the average test score gap for the common support population

and relaxes the parametric assumptions of the standard BO decomposition.

The results for the semiparametric BO decomposition evaluated at the mean of test
scores indicate that the gender test score gap is 15.1 points in favor of girls in sci-
ence while it is not statistically significant in math. The positive and statistically
significant composition effect suggest that girls possess more of characteristics asso-
ciated with high science test scores. School characteristics plays an important role in
explaining the gap. Our findings provide evidence that the failure to recognize the
common support problem leads to an underestimation of the composition effect. We
also find that the gender test score gap changes across the test score distribution. In
math, the gap is statistically significant only at the top end of the distribution sug-
gesting that high-achieving boys perform better than high-achieving girls in math.
In science, the gap favoring girls is statistically significant until the top quantile

and the largest gap occurs at the 50" percentile. For both, math and science, we
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observe a strong decline in the test score gap between the 70" percentile and the

95" percentile.
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Appendix 2.A Tables

Table 2.A.1: The index of beliefs in own abilities in science

The index

Construction of the Index

Interpretation

1- Index of self-concept
in science:

1.

5.
6.

Response options for each statement were:

It was created by using students’ responses to the following six
statements:

I can usually give good answers to test questions on
science topics

When I am being taught science, I can understand the
concepts very well

I can easily understand new ideas in science
I learn science topics quickly

Science topics are easy for me

Learning advanced science

strongly agree,

agree, disagree, and strongly disagree

2-Index of self-efficacy in
science:

1.

Response options for each statement were:

It was created by using students’ responses to these eight tasks.

Explain why earthquakes occur more frequently in
some areas than in others

Recognise the science question that underlies a news-
paper report on a health issue

Interpret the scientific information provided on the la-
belling of food items

Predict how changes to an environment will affect the
survival of certain species

Identify the science question associated with the dis-
posal of rubbish

Describe the role of antibiotics in the treatment of dis-
ease

Identify the better of two explanations for the forma-
tion of acid rain

Discuss how new evidence can lead you to change your
understanding about the possibility of life on Mars

I could do this

easily, I could do this with a bit of effort, I would struggle to
do this on my own, and I couldn’t do this.

Students who agreed with
these statements were
higher on the index, and
students who reacted
more negatively to the
statements were lower on
the index.

Students who agreed they
could do these tasks were
higher on the index, and
students who reacted
more negatively  were
lower on the index.

Source: Caygill (2003).
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Table 2.A.2: The index of motivation in science

The Index Construction of the Index Interpretation
1- Index of general inter- It was created by using students’ responses to the following  Students who reported
est in science eight statements: higher interest were

2- Index of enjoyment of
science

3- Index of instrumental
motivation in science

1. Human biology

2. Topics in chemistry

3. Topics in astronomy

4. Topics in physics

5. The biology of plants

6. The ways scientists design experiments

7. Topics in geology

8. What is required for scientific explanations

Response options for each statement were: high interest,

medium interest, low interest, and no interest.

It was created by using students’ responses to the following
five statements:

1. I enjoy acquiring new knowledge in science

2. I generally have fun when I am learning science topics
3. I am interested in learning about science

4. T like reading about science

5. I am happy doing science problems

Response options for each statement were: strongly agree,

agree, disagree, and strongly disagree.

It was created by combining students’ responses to the follow-
ing five statements:

1. I study science because I know it is useful for me

2. Making an effort in my science subject(s) is worth it
because this will help me in the work I want to do later
on

3. Studying my science subject(s) is worthwhile for me
because what I learn will improve my career prospects

4. T will learn many things in my science subject(s) that
will help me get a job

5. What I learn in my science subject(s) is worthwhile for
me because I need this for what I want to study later
on

Response options for each statement were: strongly agree,
agree, disagree, and strongly disagree. The proportions shown
in this table combine those who agreed and those who strongly
agreed.

higher on the index, and
students who were less
interested in the science
topics were lower on the
index.

Students who agreed with
these statements were
higher on the index, and
students who reacted
more negatively to the
statements were lower on
the index.

Students who agreed with
these statements were
higher on the index, and
students who reacted
more negatively to the
statements were lower on
the index.

Source: Caygill (2003).
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Table 2.A.3: Descriptive statistics by gender

Full Sample Male Female
Variable Description Mean St. Dv. Mean St. Dv. Mean St. D. t-Stat.
Test Scores
science science test score 432.05 78.42 427.41 80.19 437.51 75.94 -4.00
math math test score 432.35 87.68 436.33 90.43 427.66 84.11 3.07
Student Characteristics
8th grade =1 if the student is in 7¢" or 8*" grade 0.04 0.19 0.04 0.20 0.03 0.18 1.28
9th grade =1 if the student is in 9" grade 0.40 0.49 0.39 0.49 0.40 0.49 -0.49
10th grade =1 if the student is in 10*" grade 0.54 0.50 0.53 0.50 0.54 0.50 -0.42
11t grade =1 if the student is in 11*" grade 0.03 0.16 0.03 0.17 0.02 0.15 1.28
science career =1 if the student is expected 0.26 0.44 0.25 0.43 0.27 0.44 -1.66
to have a science-related career at 30
motivation index index of motivation in science 1.07 2.45 1.01 2.43 1.13 2.47 -1.54
ability index index of belief in own ability in science 0.21 1.66 0.20 1.73 0.22 1.58 -0.42
math is important How important is math, 4=‘very important’ 3.62 0.66 3.58 0.69 3.67 0.62 -4.34
1=‘not important at all’
Family Background Characteristics
mother-primaryeduc =1 if the mother has at most primary education 0.72 0.45 0.72 0.45 0.71 0.45 0.91
mother-secondaryeduc =1 if the mother has secondary education 0.22 0.42 0.21 0.41 0.23 0.42 -1.81
mother-tertiaryeduc =1 if the mother has tertiary education 0.06 0.24 0.07 0.25 0.06 0.23 1.42
father-primaryeduc =1 if the father has at most primary education 0.55 0.50 0.55 0.50 0.54 0.50 0.91
father-secondaryeduc =1 if the father has secondary education 0.31 0.46 0.30 0.46 0.32 0.47 -1.80
father-tertiaryeduc =1 if the father has tertiary education 0.14 0.35 0.15 0.36 0.14 0.34 1.08
books< 10 =1 if the number of books at home< 10 0.23 0.42 0.27 0.44 0.18 0.39 6.08
11< books<25 =1 if 11<the number of books at home<25 0.28 0.45 0.27 0.44 0.30 0.46 -2.56
26< books<100 =1 if 26<the number of books at home<100 0.30 0.46 0.28 0.45 0.31 0.46 -2.27
books>100 =1 if the number of books at home>100 0.19 0.39 0.19 0.39 0.20 0.40 -0.81
parents’ occupational status the index of the highest parental occupational status 39.84 15.71 39.11 15.86 40.70 15.50 -3.14
home education resources the index of home education resources -0.64 1.30 -0.67 1.34 -0.61 1.25 -1.40
mother-science career =1 if the mother has a science-related career 0.02 0.13 0.02 0.13 0.02 0.12 0.69
father-science career =1 if the father has a science-related career 0.05 0.21 0.05 0.21 0.05 0.21 -0.26
income < 0.5 median =1 if the family income < 0.5 median annual income 0.35 0.48 0.35 0.48 0.34 0.47 1.10
0.5 median < income < 0.75 median =1 if 0.5 median < the family income < 0.75 median 0.36 0.48 0.35 0.48 0.38 0.48 -1.57
0.75 median < income < median =1 if 0.75 median < the family income < median 0.20 0.40 0.20 0.40 0.20 0.40 -0.26
median < income < 1.25 median =1 if median < the family income < 1.25 median 0.06 0.24 0.06 0.24 0.05 0.23 1.05
income > 1.25 median =1 if the family income > 1.25 median 0.03 0.17 0.03 0.17 0.03 0.16 0.55

AAMYNL OL NOLLVOI'TddV NV -dVD LNHNHAHIHOV
HHANHED HHL A0 NOILLISOdINOOHA DIYLANVUVIINAS "¢

GL

Note: PISA 2006 data, own calculations. A detailed description of the variables can be received upon request. The last column presents the test statistics of a two sample, weighted t-test using Welch’s

approximation.
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Table 2.A.3 (cont’d): Descriptive Statistics by gender

Full Sample Male Female
Variable Description Mean St. Dv. Mean St. Dv. Mean St. D. t-Stat.
School’s Characteristics
percentage of girls percentage of girls enrolled at school 0.43 0.21 0.35 0.19 0.53 0.20 -28.63
public =1 if the school is public 0.98 0.15 0.97 0.17 0.98 0.14 -1.97
class size =1 if the average class size is more than 30 at school 0.51 0.50 0.50 0.50 0.53 0.50 -1.57
rural =1 if the school is in a rural area 0.79 0.40 0.82 0.39 0.77 0.42 4.01
school education resources the index of the quality of the school’s educational resources -0.81 0.92 -0.83 0.91 -0.80 0.93 -0.91
general high school =1 if the school is a general high school 0.44 0.50 0.42 0.49 0.47 0.50 -2.72
anatolian high school =1 if the school is an anatolian high school 0.20 0.40 0.18 0.39 0.22 0.41 -2.42
vocational high school =1 if the school is a vocational high school 0.36 0.48 0.39 0.49 0.32 0.47 4.88
marmara region =1 if the school is in Marmara region 0.28 0.45 0.26 0.44 0.29 0.46 -2.21
central anatolian region =1 if the school is in Central Anatolian region 0.21 0.41 0.21 0.41 0.21 0.41 0.16
aegean region =1 if the school is in Aegean region 0.14 0.34 0.13 0.34 0.14 0.35 -1.15
mediterranean region =1 if the school is in Mediterranean region 0.11 0.32 0.10 0.30 0.13 0.33 -2.45
blacksea region =1 if the school is in Blacksea region 0.13 0.33 0.15 0.35 0.11 0.31 3.85
eastern anatolian region =1 if the school is in Eastern Anatolian region 0.07 0.25 0.06 0.24 0.07 0.26 -0.95
southeastern anatolian region =1 if the school is in Southeastern Anatolian region 0.07 0.25 0.08 0.28 0.05 0.21 4.38
N number of observations 3832 2044 1788

Notes: The last column presents the test statistics of a two sample, weighted t-test using Welch’s approximation. The median annual income is 24.000 TL in Turkey.

AAMYNL OL NOLLVOI'TddV NV -dVD LNHNHAHIHOV
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Table 2.A.4: OLS estimates of the gender test score gap in math

(1) (2) ®3) (4)

fi 1 -8.669%F*  _11.318%*¥* _13 583**F* _19, Hokx
emale $%9 3565 5317 5259)
9*h grade 59.802%%*F 19 9gQ*** 15 273%*
9% %) A
10" grade 31.552%%* -1.73 1 .888***
6.676) (6.208 6.003)
11" grade 5 8757*** 26,042%FF 47 ARQKFx*
Saee 10.173 9.305 (8:658)
motivation index -1.641% -0.05 8.99%
e 0.775 0.700 (0:62
ability index 8 TH]F** 819"< * 3 845* *
1.0841 .9862< .8812(
science career 56,01 7F** LB2-FFx 39 1TFFk
- 3.195) 5.858) 5.559)
math is important 1 382* * O0R4%** 1 .71%* *
] 2. 0) 1.832 1.6 5;)
mother-primaryeduc -3 529?526 R 532?376 oK
mother-secondaryedu -3 5'1%?4 R 53{)1%‘)**
father-primaryedu -1 .463717 % _191.'%%’)6*
father-secondaryedu -1 4226518)** - 3986(2))1 *
11 < books < 25 15,3 %3)2:* 238%51
26 < books < 100 062FFF 19 9RGF**
books > 100 Sggﬂ* 1 36%21*
ts’ tional stat 0 454*9 0 3'763*9 *
parents’ occupational status
, (0.095),  (0.085)
educational resources 9 %70263 7 88946 A
mother-science career 2%9069193)* 1 8460070)*
father-science career 2.91 21
5350 0-28
0.5 median < income < 0.75 median 2'383562 %&2.750341")
0.75 median < income < median 1 392?1);1* 8 §8105*8 *
median < income < 1.25 median 1 5368230)* %540228%
1.25 median < income (-71 é)gl) (_6?37834%1
percentage of girls ' ](ggg%
public (—7215631%
class size —24710131)
rural -1 279535 o
school’s educational resources 3 '52342")*
anatolian high school 5 39%(1)32‘*
vocational high school - 20523152))**
central anatolian region %857)
aegean region 1 3328;2‘*
mediterranean region 1 36%5;2‘*
blacksea region 1 309%;2‘*
eastern anatolian region 3 lé)gg)**
southeastern anatolian region -1 48 5)5)**
N 3832 3832 3832 3832
R? 0.002 0.193 0.353 0.491

Notes: The dependent variable is the PISA math score. Standard errors are given in parentheses. The estimations are carried
out using sample weights provided in the data set. ***, ** and * indicate that the estimated coefficients are statistically
significant at the 1%, 5% and 10% levels respectively. Constants are not reported. The reference categories for grade,
mother’s education, father’s education, the number of books at home, family income, school type and region are students
who are in the 7t" grade or in the 7th grade, mothers with tertiary education, fathers with tertiary education,the number
of books at home < 10, the family income <0.5 median family income, general high school and marmara region respectively.
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Table 2.A.5: OLS estimates of the gender test score gap in science

() (2) 3) (4)

fi 1 10,098%** 7 922%** 6,434%** .
emae 88" 8% (2:054) 3364
th

9*" grade 6 .48 ) .42%*** 28.946G%F*

5.032) 5.589) 5.538)

10*" grade 26,425%%* -1.26 17.223***

o 5.8 Z?k* (5.502>‘< (5. é?k*

11 d 42.32 .932 34.3

erade T R €7 S ¥ ]

motivation index -0.72 8.5%0 .304*
bility ind 9(0'1677*7 * 6( i e Bl e

by ndex %.947; (8.8874)6 5.3798;

science career 4 20%4213 * 3](20§g§ * 2 .25 %S *

th is i tant B 1.3 N (e

At s Hmpotial (FH%2) 1.624) (1481

mother-primaryeduc -2 5428820 oK (— 87295

mother-secondaryedu -1 5502§1§)** —1}1.'185 *

father-primaryedu 2 411[)43”)"‘* 1 763373)"”‘<

father-secondaryedu -1 .770@** -1 38253)")**

3767 37043)

11 < books < 25 29{1)%:‘7< g.283

26 < books < 100 1 .2'1;;*26* 8(85605*6 *

- - 3.0 1; .8262<

books > 100 2 34%%1‘ * 1 .34 %’1" *

parents’ occupational status 0 (%'0008#21 * 0 8301;‘7 *

educational resources 7(5.1934*2”)* 5(6583;7”)*

mother-science career 1 ..784”)* 15.621%*

‘ §.548) %.701)

father-science career (151§ % (27(1)}1

0.5 median < income < 0.75 median 6 505312*)* 6( 669*3*)*

0.75 median < income < median 1 99§*2‘* 9 %h* *

media . 3135 861
median < income < 1.25 median 1 4394821)* 4.656550)
1.25 median < income 1.6 9. 1§

_ (6353 57

percentage of girls 1 59%?1; *

public -62.1828

class size - 551?9 *

rural . -1 28 ()63%**

school’s educational resources %{%%

anatolian high school 4 389%32‘*

vocational high school -2 2832)3()28%**

tral anatoli i 1
centra ana' olian region 8(8099%*2 )
aegjin region ' 9(83184*3 )

mediterranean region 8.4731

blacksea region 1 Ojﬂg *

eastern anatolian region -2 829146’;’)**

southeastern anatolian region -2 46245211%**

N 3832 3832 3832 3832

R? 0.004 0.230 0.365 0.477

Notes: The dependent variable is the PISA science score. Standard errors are given in parentheses. The estimations are
carried out using sample weights provided in the data set. *** ** and * indicate that the estimated coefficients are
statistically significant at the 1%, 5% and 10% levels respectively. Constants are not reported. The reference categories
for grade, mother’s education, father’s education, the number of books at home, family income, school type and region are
students who are in the 7" grade or in the 7th grade, mothers with tertiary education, fathers with tertiary education,the
number of books at home < 10, the family income <0.5 median family income, general high school and marmara region
respectively.
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Table 2.A.6: Estimates of the responsiveness of test scores to covariates by

gender
Math Science
Male Female Male Female
th
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mother-science career . . . .
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§724i1 (7151 §6:635 (6.671)
0.5 median < income < 0.75 median .868* 2.349 .020* 3.900
) ) ) (3.609) 3.501)k 3.218 (3. 6626
0.75 median < income < median (%236) 1 40%%;) * 4.609142 1](496212) *
median < income < 1.25 median 8.457 siggg 1 .'098”‘)* 41339
) ] (6.869) (7.283) 6.125) (6.7
1.25 median < income i—é)%gBQ -516785 ?g%gl —(%15%%
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e i
e G dih  odb  dbin
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aegjin A 1 4894%5*)* 1 46%%@* 1 7§§§l* %451'5%8)
mediliterranean reglon . . .
5.573 5.211 4.970 4.861
blacksea region 1 5.429608 * 1 5257)§§)k* 1 41%8; * 1 5.712522 *
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) ) 6.832) 6. 2?3‘)** (6.092)0‘< .992)1)#0‘<
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6.177 7.437) (5.508) 6.937)
N 2044 1788 2044 1788
R? 0.513 0.499 0.507 0.466

Notes: In the first two columns, the dependent variable is the PISA math score while in the last two columns, it is the PISA
science score. Standard errors are given in parentheses. The estimations are carried out using sample weights provided in
the data set. ***, ** and * indicate that the estimated coefficients are statistically significant at the 1%, 5% and 10% levels
respectively. Constants are not reported. The reference categories for grade, mother’s education, father’s education, the
number of books at home, family income, school type and region are students who are in the Tth grade or in the 7th grade,
mothers with tertiary education, fathers with tertiary education,the number of books at home < 10, the family income <0.5
median family income, general high school and marmara region respectively.
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Table 2.A.7: Semiparametric BO decomposition across the distribution for
the common support subpopulation

5 % 25 % 50 % 75 % 95 %

Quantile Quantile Quantile Quantile Quantile
Science Ag 12.775** 18.277*** 20.887*** 16.505*** -2.424
(4.158) (3.572) (3.485) (4.256) (6.710)

Math Deltag -0.467 -2.181 -0.156 0.312 -16.124*
(5.469) (4.170) (4.227) (5.895) (8.355)

Notes: The estimations are carried out using sample weights provided in the data set. Standard errors are
given in parentheses and simulated with 500 bootstrap replications. * if the 5% and 95% quantile of the
bootstrap distribution have the same signs, ** if the 2.5% and 97.5% quantile of the bootstrap distribution
have the same signs, *** if the 0.5% and 99.5% quantile of the bootstrap distribution have the same signs.
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Appendix 2.B Figures

The mean gender test score gap in science across OECD countries
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The mean gender test score gap in mathematics across OECD countries
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Figure 2.B.3: Histogram estimates of the propensity score distributions
using student characteristics
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Figure 2.B.4: Histogram estimates of the propensity score distributions
using student and family characteristics
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Figure 2.B.5: Histogram estimates of the propensity score distributions
student, family and school characteristics
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Figure 2.B.6: Quantile test score gaps in science
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Note: Nonparametric ridge regression with optimal cross validated bandwidth. The estimations are carried out for the common

support subpopulation using sample weights provided in the data set.

Figure 2.B.7: Quantile test score gaps in math
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Note: Nonparametric ridge regression with optimal cross validated bandwidth. The estimations are carried out for the common

support subpopulation using sample weights provided in the data set.
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3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

3.1 Introduction

In this paper we introduce a simple way of improving propensity score weighting and
double robust estimators in terms of mean squared error (MSE) in finite samples.
Our approach achieves a lower MSE by shrinking the propensity score towards the
share of treated. This Stein-type simple shrinkage substantially mitigates the prob-
lems arising from propensity score estimates close to the boundaries. This reduces
the variance of the weights and, therefore, the variance of the average treatment ef-
fect (ATE) estimators based on propensity score weighting. The shrinkage approach
proposed is an attractive alternative to the popular trimming strategies applied to

reduce the impact of large weights and can also be used jointly with trimming.

Even though shrinkage methods are very popular in other areas of statistics and
econometrics, they have not been combined with weighting estimators yet. A no-
table exception is Frolich (2004), who uses the ridging method of Seifert and Gasser
(1996) for matching estimators of the average treatment effect on the treated. They
propose ridging of local polynomials to overcome the problems that arise in estimat-

ing a regression function when the conditional variance is unbounded.

The proposed shrinkage method is a linear combination of the conditional mean of
the treatment variable and its unconditional mean. Like other shrinkage methods,
the degree of shrinkage is determined by a tuning parameter. We propose three
different methods to choose this parameter such that certain optimality conditions
are satisfied. First, we consider a simple fixed valued tuning parameter, which only
depends on the sample size. Second, we minimize the MSE of our linear combination
to choose the optimal value. Third, we propose a pure cross validation procedure to

obtain the optimal tuning parameter.

We demonstrate the MSE gains in finite samples via a comprehensive Monte Carlo
study. To make our results comparable, we design our Monte Carlo study as in the
settings of Busso et al. (2009) for poor overlap. We construct 72 settings to capture
several possible issues when estimating the treatment effects and consider homoge-
neous and heterogeneous treatment, homoscedastic and heteroscedastic error terms
as well as different ratios of treatment and control group. Moreover, the simulation
design captures different functional forms. Since the shrunken propensity scores are
constructed in such a way that they converge to the conventional propensity scores,
our proposed method is asymptotically equivalent to standard approaches without
shrinkage. Therefore, we focus on sample sizes 100, 200 and 500 only. Addition-

ally, we evaluate the finite sample performance with and without applying trimming
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rules.

Our results show that the estimators based on the shrunken propensity scores have
a lower MSE than the weighting estimators based on the unshrunken propensity
scores in all of the settings if we use the fixed valued or the MSE minimizing tuning
parameter. For the cross validated tuning parameter, the MSE is reduced in 99.3%
of the cases, respectively. If a trimming rule is applied to the proposed approach, we
are able to decrease the MSE of the ATE in 99.7% of the cases for the fixed valued
tuning parameter. For the MSE minimizing and cross validated tuning parameter,
the MSE is reduced in 98.8% and 96.9% of the cases, respectively. In the rare cases

where the MSE is not improved, the efficiency loss is very small.

The paper is organized as follows. Section 3.2 reviews the different weighting and
double robust estimators. Section 3.3 introduces the shrunken propensity score and
derives its properties in finite samples. In section 3.4, we present a Monte Carlo
study and compare the MSE of the estimators based on the shrunken and classical

propensity score weights. Section 3.5 concludes.

3.2 Propensity Score Methods

Consider the case of a binary treatment within Rubin’s (1974) potential outcome
model.! Let Y}; and Yy; be the two potential outcomes for person i if she takes
the treatment and if she does not take the treatment, respectively. D; denotes the
binary treatment indicator indicating whether person i participates in the program
(D; = 1) or not (D; = 0). The observed outcome variable, Y;, can than be written

as a function of potential outcomes and the treatment variable:

The difference between two potential outcomes of an individual, Y;; — Yg;, denotes
the individual’s treatment effect. Depending on the realized treatment status, we
only observe one of the two potential outcomes. Hence, the individual treatment
effect cannot be identified from observed data. Under certain assumptions, however,
we can still identify various average treatment effects. In this paper, we focus on the

average treatment effect (ATE) defined as

Aare = E[Y1; — Yo, (32)

1See Imbens and Wooldridge (2009) for advantages of potential outcome model over observed out-
come models.
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which measures the expected treatment effect if individuals are randomly assigned

to treatment and control groups.

The identification of the ATE crucially depends on two assumptions. The first one is
that, conditional on confounding variables, the potential outcomes are stochastically
independent of the treatment: Y, Y3, LD;|X;, where X; denotes the confounding
variables of individual 7. This assumption, known as the Conditional Independence
Assumption (CIA), requires that all confounding factors associated with the po-
tential outcomes as well as the participation decision are observed. If the CIA is
satisfied, various estimation methods (e.g. weighting, regression and matching meth-
ods) are feasible to estimate the ATE.

The second assumption is the overlap assumption. It requires that the probability
of receiving the treatment, the so-called propensity score, lies strictly between zero
and one. In other words, each unit in a defined population has a positive probability
of being treated and of not being treated. Although this type of overlap assumption
is standard in the literature (e.g. Rosenbaum and Rubin (1983), Heckman et al.
(1997), Hahn (1998), Wooldridge (2002), Imbens (2004)), there is a stronger version
of the overlap assumption called “strict overlap” (e.g. Robins et al. (1994), Abadie
and Imbens (2006), Crump et al. (2009)). Strict overlap requires that the proba-
bility of being treated is strictly between ¢ and 1 — £ for some £ > 0. Khan and
Tamer (2010) point out that a comparable assumption to the strict overlap assump-
tion is needed for v/ - convergence of some semiparametric estimators. Busso et al.

(2009) provide further evidence on the importance of the (strict) overlap assumption.

Under the assumptions listed above, the ATE can be identified and estimated. There
are several estimation methods proposed in the literature. We, however, focus only
on the methods which use the propensity scores as weights. The propensity score,

i.e. the probability of being treated conditional on the characteristics Xj;, is given

by

pi="Pr[D; =1]X;]. (3.3)

As the propensity score is an unknown probability, it has to estimated. Conven-
tionally, standard parametric maximum likelihood methods are used to obtain the

estimated propensity score and are denoted by p;.

Following Busso et al. (2009), we write the weighting type estimator for the ATE as
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follows: .

. 1 . 1 .
Aarp = . Z D;Yiwi — . Z(l — D;)Yiwio, (3.4)
Ly 0 =1

where n; is the number of treated observations and ng is the number of controls. w;g
and w;; are defined differently for different types weighting estimators. We consider
here three different weighting schemes proposed in the literature. The first one

(IPW1) uses the following weighting functions:

~(1) _ TNo

Wioh = - (1—pi) (3.5)
~ T /L

== /p, 3.6
Wit n P ( )

where n is the total number of observations. The second weighting function (IPW2)
results from an adjustment to force the weights to add up to one and is advocated

by Imbens (2004). Formally, they are given by

@ 1 /i " 1-D, 3.7

i L —ps noizll—ﬁi (3.7)

@ 171D

o == /=Y = (3.8)
pil Ny i—1 Di

The third weighting function (IPW3), which is not so common in the literature, is a
combination of the first two methods, where the asymptotic variance of the resulting

estimator is minimized for a known propensity score (see Lunceford and Davidian
(2004) for details).

@3 1 /1 —~ (1-Dy)
Wiy =——[1—=Cyp)/— —(1-C 3.9
e vd Dl e (e (39)
NONER! 1 <« D;
N D D (el (310
with
L1y <1—D1A._D)
—pin i=1 — by Di i
Cio = 1lp : ; 4 - (3.11)
D i < T—p, i — Dl)
Liy, (20— - (1-D)
i =1 i ? ?
Cy =2 ! / (3.12)
LS (20 -p) - (1-Dy)
In all three cases, w;y depends on 1+ﬁ- and w;; on pi If the estimated propensity
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score for individual 7 is close to one w;y, the weight for individual i, is large com-
pared to the weights of the other observations. Therefore, the estimates are mainly
determined by individual 7. If the estimated propensity score is close to zero, w; is

large, which again leads to an ATE estimator which exhibits high variance.

The doubly robust estimator of the ATE we consider here is derived from a weighted
regression of the outcome model where the weights are inversely related to the
propensity scores. The advantage of doubly robust estimation is that it stays consis-
tent even if the outcome model or the propensity score model is specified incorrectly.
It has been shown that doubly robust methods are more efficient than weighting
methods (see, for example, Robins and Rotnitzky (1995), Wooldridge (2007)). Here,
we consider the doubly robust method used by Hirano and Imbens (2001). They
estimate the ATE by a weighted least square regression of the following outcome

model with weights based on Equation (3.5):

Y; = Qo+ AATEDZ' + Xi/Oél + DZ(XZ — X)/Oéz + &5 (313)
i = (3.14)

where X is the sample average of X;.
The weight @ again depends on 1%15_ and 1%’ such that propensity scores close to

one and zero have a similar effect as for the weighting estimators.

3.3 Shrunken Weights

A major drawback of the weighting and double robust estimators is that they can
exhibit a high variance if the weights of some observations are very large. For the
ATE, this is the case if the propensity score is close to one or zero. We propose
different variants of Stein-type simple shrinkage methods for the propensity score
which help to stabilize the treatment effect estimators by shrinking the propensity
scores away from these boundaries.

The basic idea is to shrink the estimated propensity score, p; = F [D; = 1|X; = z],

towards the estimated unconditional mean D = £ 3" D;, i.c.

p; = (1= Xi(n))p: + Ni(n)D, (3.15)
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where 0 < A\;(n) < 1 is the tuning parameter, which may depend on the sample
size. Equation (3.15) implies that our proposed shrunken propensity score is always
closer to the share of treated and, therefore, the shrunken propensity scores have a
lower variance than the conventional propensity scores. This enables us to estimate
the treatment effects with a lower MSE.

Shrinking towards the unconditional mean avoids propensity scores close to one or
zero. The usual way to deal with propensity scores that are too small or too large
is to apply a trimming rule. A trimming rule basically determines an upper and
a lower limit for the propensity score. Observations with propensity scores outside
of the chosen limits are dropped from the estimation sample.? Obviously, drop-
ping observations will cause both a loss of information as well as a loss of efficiency.
Since shrinkage pushes the estimated propensity score away from the boundaries, we

neither need to apply a trimming rule nor do we have to work with a reduced sample.

Shrinkage could also be applied directly to the parameter estimates of the propensity
score by imposing a L;-norm (Lasso) or Ly-norm (ridging) on the parameter esti-
mates. Besides the higher computational burden, the interpretation of the shrinkage
parameter in terms of the shrunken propensity score is, however, not straight for-
ward. Moreover, our approach avoids shrinking a propensity score from one extreme
to the other, i.e. we avoid shrinking a large propensity score p; > D towards zero,

since p; > D always holds.

A crucial issue for any shrinkage estimator is the choice of the tuning parameter
Ai(n). As we are interested in improving the small sample performance of weighting
and double robust estimators, we propose to choose A;(n) such that the penalty
vanishes asymptotically. For \;(n) = O(n~°) with ¢ > 0, the shrinkage estimator is
consistent and converges to the true propensity score. For 6 > 1/2, the p$ has the

same asymptotic distribution as the conventional propensity score p;.

In the following, we consider three alternative methods of choosing A;(n). The
first method, the fixed tuning parameter method, is based on the functional form
Ai(n) = 5. For a given values of ¢ and 4, this method is easy to implement with no

computational cost but is not optimized with respect to any MSE criterion.

In the second method, the MSE minimizing tuning parameter method, A;(n) is

determined my minimizing the MSE of the shrunken propensity score in (3.15).

2In the following section, we explain two trimming rules which are often used in the literature. For
other trimming rules see Busso et al. (2009).
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Thus, as shown in Appendix 3.C, the optimal );(n) is given by

X (n) = AT ED\_/ i — Cov(pi, D) — (3.16)
V [p;] + BRAO=EDD | (B [D,] — E [p:])2 — 2 Cov(p;, D)

n

where we assume E[p;] &~ p;. Since A\f(n) depends on unknown parameters, we
replace the squared bias, variance and covariances by their the bootstrapped quan-
tities. As for the tuning parameter in the first method, the MSE minimizing tuning
parameter (3.16) also converges to zero as the sample size increases. Note that
the MSE minimizing tuning parameter method yields different optimal \’s for each
observation in the sample. In order to stabilize the estimation resulting from the
estimation noise, the estimated MSE minimizing tuning parameter can be replaced
by the mean MSE minimizing tuning parameter, A*(n) = £ 37" | Ar(n).* Addition-

ally, this guarantees that the ordering of the propensity scores does not change.

In the third method, the optimal X is chosen by means of cross-validation. The idea is
to minimize the mean squared prediction error of the estimated propensity score with
respect to A. The mean squared prediction error is calculated by leave-one-out cross
validation for each A in an equally spaced grid of k41 X’s, i.e. [0, A1y, ..., Ag—1), 1].
The optimal A is then the one which leads to the smallest cross validated mean
squared prediction error. This method again yields a different \ for each setting,
but is computationally less burdensome than the MSE minimizing choice of A in the

second method.

3.4 Monte Carlo Study

We demonstrate the efficiency gains due to propensity score shrinkage via a compre-
hensive Monte Carlo study. We adopt the same data generating processes as Busso
et al. (2009) to make our results comparable with theirs. Since our approach shrinks
the propensity score towards the treated-to-control ratio, it is especially valuable in
situations where the overlap but not the strict overlap assumption is fulfilled. In the
following, we, therefore, concentrate on those designs of Busso et al. (2009), which

are not consistent with the strict overlap assumption. For the simulation study, D

3An alternative would be to choose X such that the MSE of the vector of the shrunken propensity
scores is minimized. The results are comparable to those obtained by using A\*(n) and are available
upon request.
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and Y are generated as follows:

D; = 1{n+rX;—u; >0} (3.17)
Y; D; +m(p(X;)) + yDim(p(X;)) + &, (3.18)

where the error terms u; and ¢; are independent of each other and the cofounding
variable X; which is assumed to be a standard normally distributed random variable.
p(X;) is the propensity score and m(-) is a function of the propensity score. We use
two different functions in the Monte Carlo study given in Table 3.1.

Table 3.1: Functional form for m(q)

m(q) Formula Description
q) 0.15 4+ 0.7¢q Linear
ma(q) 0.2+ +/1—¢q—0.6(0.9—¢)* Nonlinear

The error term w; is drawn from a standard normal distribution leading to the

following propensity score function:
p(Xi) = ®(n + kX)) (3.19)

We generate various treated-to-control ratios by choosing three different combina-

tions for n and k. Table 3.2 summarizes the parameter values and resulting ratios.

Table 3.2: Treated-to-control ratios

n k  Treated-to-control ratio
0 0.95 1:1

0.3 -0.8 3:2

-0.3 0.8 2:3

The error term in the outcome equation, g;, is specified as
gi = Y(ep(X;) +e,D;) + (1 —)e, (3.20)

where e; is iid standard normal random variable and v is a parameter which controls
heteroscedasticity, i.e. for ¥ = 0, ¢; is a homoscedastic error term and if ¢ # 0, ¢; is
heteroscedastic. By choosing different values of v, we specify whether the treatment
effect is homogeneous or not. Treatment homogeneity implies that the treatment
effect does not vary with different X’s. In this case, the causal effect of the treat-

ment is the same for all individuals. As in Busso et al. (2009), we use the following
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combinations of ¥ and v to create four different settings.

Table 3.3: Parameter combinations

v Y Description

0 0 homogeneous treatment, homoscedastic
1 0 heterogeneous treatment, homoscedastic
0 2 homogeneous treatment, heteroscedastic
1 2 heterogeneous treatment, heteroscedastic

Our simulations are based on 10,000, 5,000 and 2,000 Monte Carlo samples for sam-
ple sizes n = 100, n = 200 and n = 500, respectively. The choice to make the
number of replications proportional to the sample size is motivated by the fact that
simulation noise depends negatively on the number of replications and positively
on the variance of the estimators (see Huber et al. (2013)), which again depends
negatively on the chosen sample size. Hence, the simulation noise is constant if the
Monte Carlo samples are chosen proportional to the sample size. Our Monte Carlo
study consists of two parts. In the first part, we apply the methods without using
any trimming rules. In the second part, we incorporate two different trimming rules

to the conventional as well as shrunken propensity scores.

Propensity Score Shrinkage without Trimming

To provide a reference point for the optimal choices of A\ in the different settings
without applying any trimming rules, we perform a Monte Carlo study for a hypo-
thetical case where the true ATE is known. Due to the computational burden of this
procedure, we do this only for one specification which we believe is the most realistic
one and only for sample size n = 100. This specification allows heteroscedasticity
in the error term (¢ = 2) and heterogeneity in the treatment effect (v = 1). Fur-
thermore, we also consider the most challenging treated control ratio where we have
more control units than treated units (n = —0.3, k = 0.8). Lastly, the outcome
equation is chosen to be a nonlinear function of the propensity score (ms(g)). We

apply the following procedure to get the optimal A for known ATE:
1. We draw 10000 Monte Carlo samples for this specification.

2. For each Monte Carlo sample, we estimate the shrunken propensity scores for
A = 0,0.01,0.02,...,1 and the ATE by the four methods with each of these

shrunken propensity scores.

3. We calculate the MSE over 10000 Monte Carlo samples for each A and choose
the MSE minimizing A.
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4. Steps (1)-(3) are repeated 500 times.

The minimum, mean, maximum and standard error of the mean over 500 optimal
A’s are displayed in Table 3.4.

Table 3.4: Descriptive statistics for the optimal A
with known ATE

IPW1 IPW2 IPW3 DR

Min 0.06 0.09 0.16  0.08
Mean 0.82 024 033 0.35
Max 1.00 0.45 0.50  0.66

Std. Err.  0.028 0.005 0.005 0.009

Note: The MSE minimizing A\*’s are obtained from a Monte Carlo
study for the specification with n = 100, v = 1, ¢ = 2, n = —0.3,
x = 0.8 and mg(g). We use 10000 Monte Carlo replications and
replicate this procedure 500 times.

The results show that most shrinkage is required for IPW 1 and the least for IPW
2. In all of the 500 replications, A is never chosen equal to zero, which implies that

shrinkage is always optimal.

As in Busso et al. (2009), we estimate the ATE given in Equation (3.2) for each pos-
sible DGP by all three weighting methods and the doubly robust method reviewed
in Section 3.2 using estimated (unshrunken) propensity score, p;. p; is obtained by
maximum likelihood probit estimation as suggested by the distribution of the error
term u;. Additionally, we estimate the ATEs using the shrunken propensity score,
p;. The optimal tuning parameter A is chosen in three different ways as introduced
in Section 3.2. The goal is to demonstrate the gains in terms of MSE reduction of the
ATE due to propensity score shrinkage as well as to investigate the relative perfor-
mance of the different shrinkage methods. For the fixed tuning parameter method,
we set ¢ = 1and § = 1/2,i.e. \j(n) = 1/y/n. As a summary statistic, we also report

the averages over sample sizes in bold letters. The figures in brackets indicate per-
bias? (ATE(p))—bias? (ATE(p%))
bias?(ATE(p))+Var(ATE(p)) )~

centage losses due to the bias introduced by shrinkage, (
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Table 3.5: Average percentage improvement in MSE for the ATE

ATE based on p; vs. ATE based on p using

A=1/y/n A = argmin MSE A = cross-validated

100 200 500 avg. 100 200 500 avg. 100 200 500 avg.

IPW1 47.4 51.6 37.4 45.5 54.9 61.9 42.3 53.0 8.3 5.1 2.4 5.2
(-4.0) (-3.8) (-6.1) (-4.7) (-3.1) (-3.9) (-6.2) (-4.4) (-0.8) (-0.8) (-0.4) (-0.7)

IPW2 16.5 18.6 18.8 18.0 16.6 18.3 21.7 18.9 5.3 3.7 2.6 3.9
(-2.1)  (-24) (-3.1) (-2.6) (-2.4) (-2.5) (-2.6) (-2.5) (-0.7) (-0.4) (-0.3) (-0.4)

IPW3 6.7 5.9 4.8 5.8 6.8 6.2 5.2 6.0 3.0 2.0 1.4 2.1
(-0.9)  (-0.9) (-1.1) (-1.0) (-1.1) (-1.0) (-0.9) (-1.0) (-0.4) (-0.2) (-0.2) (-0.3)

DR 5.7 6.4 7.5 6.5 5.6 6.6 7.8 6.6 2.5 2.0 1.7 2.1

(0.0) (0.0) (-0.1) (0.0) (0.0) (0.0) (-0.1) (-0.0) (0.0) (0.0) (0.0) (0.0)

Note: avg. denotes the average over the sample sizes. Percentage change which is due to the bias is given in brackets.

Table 3.5 reveals that, independent of the choice of A\, the improvement turns out to
be more pronounced for IPW1 and IPW2, i.e. for those methods which are most vul-
nerable to very small or very large propensity scores. This result is especially striking
since most estimates in the empirical literature are probably based on IPW2 (Busso
et al. (2009)). Using the fixed tuning parameter method, the MSE of this estimator
could be improved by 18.0% on average. Basically, this improvement comes at no

costs due to the simplicity of the linear combination.

The MSE minimizing A is chosen as in Equation (3.16) for each individual 7. Fig-
ures 3.B.1 - 3.B.3 of Appendix 3.B plot the individual specific \*(n). It can be seen
that the estimated MSE-minimal tuning parameter exhibits a high variation across
observations. In small samples the \;’s vary strongly over individuals. Therefore,
we shrink the propensity score using the average over all observations. The compu-
tationally more burdensome MSE-minimizing A leads to a 18.9% improvement for
IPW2. For both choices of A, the average improvement of IPW3 and DR is still
6.0 to 6.6 percent. We see that the improvement is due to a large reduction of the
variance but comes at the expense of introducing a comparatively small bias. For

DR, the increase in the squared bias is nearly zero.

If we compare the average results in Table 3.5 obtained by the fixed tuning pa-
rameter method to the ones obtained from MSE minimization, we find that MSE-
minimization yields better results for n = 500. For n = 200 and n = 100 this is the
case for IPW1. For the other estimators, both methods give about the same result.
On average, the cross-validated A also yields a reduction of the MSE in all cases but

is always dominated by the other two choices of \.

The detailed simulation results for the first part are given in Tables 3.A.1 - 3.A.3
of Appendix 3.A. Tables 3.A.1 and 3.A.2 show that, in all 288 cases, the use of
shrunken propensity scores leads to an improvement of the MSE of the ATE if the

95



3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

fixed valued A or the MSE-minimizing A is chosen. Table 3.A.3 shows that the use
of the shrunken propensity score leads to an improvement in 99.3% of the MSE

comparisons if the cross-validated A is taken.

Propensity Score Shrinkage with Trimming

In the second part of the Monte Carlo study, we evaluate the performance of the
proposed shrinkage methods in combination with two trimming rules. Trimming
rules are methods for the propensity score are usually applied to avoid the problems
occurring if the propensity scores are close to the boundaries. From the various
trimming rules proposed in the literature, we consider the two trimming rules which
are most commonly used in empirical work and revealed the best performance in the

study by Busso et al. (2009). These trimming rules are applied as follows:

1. The first trimming rule goes back to a suggestion by Dehejia and Wahba (1999).
Let TATE = 1 (a < p(X;) < b) setting b to be the k™ largest propensity score in
the control group and a to be the k" smallest propensity score in the treatment

group. Then the estimators are computed based on the subsample for which
T;ATE = 1.

2. In the second trimming rule suggested by Crump et al. (2009), all units with
an estimated propensity score outside the interval [0.1;0.9] for the ATE are
discarded.

As in the first part, we estimate the propensity scores by probit and shrink the
propensity scores with the optimal \’s chosen by the three different methods we
propose. Different from the first part, we apply the trimming rules 1 and 2 to the
conventional and trimming rule 2 to the shrunken propensity scores before estimat-
ing the ATEs by weighting and doubly robust methods. Finally, we compare the
results based on the shrunken propensity score combined with trimming rule 2 with
the results based on: (i) conventional propensity score, (ii) conventional propensity
score combined with trimming rule 1, and (iii) conventional propensity score com-
bined with trimming rule 2. As mentioned before, applying the trimming rules to
the shrunken propensity score leads to a smaller reduction in the sample size since
less observations lie outside the limits of the two trimming rules. For example, if
we apply trimming rule 2 to the shrunken propensity score with fixed tuning pa-
rameter A\(n) = 1/4/100 = 0.1 in the setting where the treated-to-control ratio is
1:1, we use all observations with an conventional propensity score in the interval
[0.055; 0.944] instead of only those in the interval [0.1;0.9]. We, therefore, still throw
less information away than in the case where the unshrunken propensity scores are

trimmed. The estimators based on this procedure converge to the estimators based
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on the conventional propensity scores which are then trimmed using trimming rule 2.

Again, we perform a Monte Carlo experiment for the most realistic scenario to see
which A would be chosen by cross validation if the true ATE would be known. The
results are displayed in Table 3.6.

Table 3.6: Descriptive statistics for the optimal A
for known ATE with trimming rule 2

IPW1 IPW2 IPW3 DR

Min 0.12 0.14 0.16  0.07
Mean 0.16 0.26 0.32  0.17
Max 0.19 0.46 0.50 0.42

St. Dev.  0.01 0.05 0.06 0.03

Note: The MSE minimizing \*’s are obtained from a Monte Carlo
study for the specification with n = 100, v =1, ¢ = 2, n = —0.3,
x = 0.8 and ma(gq). We use 10000 Monte Carlo replications and
replicate this procedure 500 times.

In this case, most shrinkage is required for IPW 3 and the least for IPW 1. Again
in none of the 500 replications A is chosen equal to zero, implying that, for this
estimation procedure, it also is always optimal to have shrinkage. If we compare the
maximum A’s in Table 3.6 to Table 3.4, we see that, especially for IPW 1, the degree
of shrinkage is a lot smaller if we use trimming rule 2 after shrinking the propensity

score.

The results for the fixed tuning parameter method, \;(n) = 1/4/n, are given in
Tables 3.A.4 - 3.A.6 of Appendix 3.A and summarized in Table 3.7 below, which
contains the average MSE improvements. If we compare our estimation procedure
to the estimators based on the conventional propensity scores, the largest percent-
age improvement in MSE can be obtained for the simple IPW1 estimator. For this
weighting estimator, we obtain an improvement of up to 75.7%. When averaging
over all settings, the MSE of this estimator is improved by 46.2%. The second largest
improvement is obtained for the popular estimator [IPW2. The weights of this esti-
mator, compared to IPW1, are forced to add up to one and the average improvement
here is 18.7%. IPW3, the estimator that minimizes the asymptotic variance for a
known propensity score, can, on average, still be improved by 8.8% in terms of MSE.
The MSE of the DR estimator can be reduced by 11.0% if propensity score shrinkage

with trimming rule 2 is applied instead of using the unshrunken propensity scores.
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Table 3.7: Average percentage improvement in MSE, fixed valued A

ATE based on the shrunken propensity scores p; + trimming rule 2 vs.

(a) ATE based on p; (b) ATE based on p; (c) ATE based on p;
+ trimming rule 1 + trimming rule 2
100 200 500 avg. 100 200 500 avg. 100 200 500 avg.

IPW1 450 516 421  46.2 258 163 130 18.4 205 151 99  15.2
(-0.6) (-0.5) (-0.6) (-0.6) (-1.0) (-0.9) (-0.6) (-0.8) (-0.9) (-0.3) (0.7) (-0.2)

IPW2 14.2 18.6 23.2 18.7 13.1 8.2 7.7 9.7 9.0 5.9 3.9 6.3
(05) (-0.7) (-1.2) (-0.8) (-04) (-05) (-1.1) (-0.7) (-0.4) (-0.2) (0.1) (-0.1)

IPW3 67 82 115 88 128 76 6.7 9.1 66 43 29 4.6
(-0.2) (-05) (-1.2) (-0.6) (-0.1) (-0.3) (-0.9) (-0.4) (-0.1) (0.1) (0.3) (0.1)

DR 89 102 140 11.0 107 57 55 7.3 38 27 18 2.8

(-0.1)  (-0.4) (-1.2) (-0.6) (0.1) (-0.1) (-0.8) (-0.3) (0.1) (0.2) (0.4) (0.2)

Note: avg. denotes the average over the sample sizes. Percentage change which is due to the bias is given in brackets.

Table 3.7 part (b) shows that the improvements for IPW1 and IPW2 are smaller
than in part (a). For IPW3 and DR, the improvements are smaller in part (b)
for sample sizes 200 and 500. Nevertheless, the estimators based on the shrunken

propensity scores combined with trimming rule 2 improve IPW1 by 18.4%, IPW2
by 9.7%, IPW3 by 9.0% and DR by 7.3% on average.

The results in Table 3.7 part (c) reveal that the improvements for all four estimators
are smaller than the improvement in part (a) and (b). The average improvements
for the four estimators is between 2.8% and 15.2%. Even though we obtain a smaller
improvement of the MSE, the suggested procedure reduces the variance and bias for
all four estimators for n = 500. This even holds for all sample sizes for the double
robust estimator. Moreover, the improvement is smaller for larger sample sizes. This
is expected since, for large n, the estimator based on the shrunken weights combined
with trimming rule 2 converge to the estimators based on the conventional estima-

tors and trimming rule 2.

All in all, the four estimators, based on the conventional propensity score, never
have a lower MSE than estimators using shrunken propensity scores combined with
trimming rule 2 (see Table 3.A.4) in 72 settings. The estimators based on the con-
ventional propensity scores combined with trimming rule 1 yield a lower MSE than
the estimators based on our procedure (see Table 3.A.5) only once. However, the
increase in MSE was only 0.04%. Only in 2 out of 288 cases was the MSE of the
estimator based on the conventional propensity scores combined with trimming rule
2 smaller than our suggested procedure. Furthermore, the detailed results in Table
3.A.6 show that the losses in MSE in those two cases are only 0.1% and 0.5% .

For the fixed tuning parameter method, the effects of propensity score shrinkage

on the distribution of the estimated ATE’s can be seen from the boxplots given in
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Figures 3.B.4 - 3.B.6 of Appendix 3.B. We compare our method to the estimators
based on the conventional propensity score. The introduction of propensity score
shrinkage does not significantly change the interquartile ranges of the four estimators
compared to the estimates without shrinkage. However, the number of outliers is
substantially reduced by shrinkage. This holds in particular for the IPW1 estimator,
which suffers from a high number of very large outliers and explains why the MSE
gains due to propensity score shrinkage are largest for this estimator. Moreover,
note that even for small sample sizes, propensity score shrinkage hardly generates

any additional bias compared to the estimators without shrinkage.

Thus far, we simply set \;(n) = 1/y/n. This choice of \;(n) yields \;(100) =
0.100, A;(200) = 0.071 and A;(500) = 0.045 for all four estimators. If we compare
those with optimal \’s for known ATE in Table 3.6, we see that the improvements

are obtained with \;(n)’s which are considerably lower than the optimal \’s.

In this part, we use the average over the A;(n), which minimize the MSEs of the
shrunken propensity scores, for each setting. The results based on these \*(n)’s are
given in Tables 3.A.7 - 3.A.9 of Appendix 3.A. The chosen \*(n) depend on the
sample size but, as they minimize the MSE of the shrunken propensity score, and,
therefore, do not consider the second stage of the estimation procedure, they are
equal for all four estimators. Table 3.8 below summarizes the average percentage
improvements obtained by estimating the ATE based on the shrunken propensity

combined with trimming rule 2.

Table 3.8: Average percentage improvement in MSE, MSE(p{)-minimizing A

ATE based on the shrunken propensity scores p; + trimming rule 2 vs.

(a) ATE based on p; (b) ATE based on p; (c) ATE based on p;
+ trimming rule 1 + trimming rule 2
100 200 500 avg. 100 200 500 avg. 100 200 500 avg.

IPW1 52.1 62.1 46.1 53.4 26.3 15.2 12.7 18.1 20.9 13.4 10.8 15.0
(-0.8) (-0.5) (-0.6) (-0.6) (-1.2) (-1.2) (-08) (-1.0) (-1.0) (-0.7) (0.5) (-0.4)

IPW2 145 186 251  19.4 139 7.9 6.3 9.4 8.6 55 33 5.8
(-0.7)  (-0.6) (-1.3) (-0.9) (-0.6) (-0.6) (-1.4) (-0.9) (-0.6) (-0.2) (0.0) (-0.3)

IPW3 6.8 89 115 9.1 139 7.1 5.3 8.8 6.5 38 23 4.2
(-0.3)  (-04) (-1.3) (-0.7) (-0.3) (-0.3) (-1.1) (-0.6) (-0.2) (0.0) (0.3)  (0.0)

DR 88 108 141 11.3 119 50 4.0 7.0 3.8 20 11 2.3

(-0.2) (-0.3) (-1.2) (-0.6) (0.1) (-0.1) (-1.0) (-0.3) (0.2) (0.2) (0.4) (0.2)

Note: avg. denotes the average over the sample sizes. Percentage change which is due to the bias is given in brackets.

Table 3.8 shows that MSE(p{)-minimizing A leads to a considerable reduction in the
MSE of the treatment effect. Table 3.8 part (a) shows that the MSE’s of the ATE
estimators based on MSE(p;)-minimizing A are on average between 6.8% and 62.1%

smaller than those based on conventional propensity score.
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Comparing the average results from Table 3.8 to those obtained by the fixed value A
in Table 3.7, we see that both choices of A give about the same result. For n = 100,
the average value of the MSE-minimizing A over the 10000 Monte Carlo samples was
0.113. In 0.05% of the cases, the restriction 0 < A\*(n) < 1 is binding for n = 100.
For n = 200 (n = 500), the average value is 0.076 (0.046), the minimum is 0 (0.025)
and the maximum 0.429 (0.100). For n = 200, A\*(n) is set to zero in 0.01% of the
cases and never set to one. For n = 500, it is never set to zero or one. These numbers

highlight that shrinkage can be a useful tool especially for small sample sizes.

Since the average A*(n) over the 72 different settings is larger than the fixed value A
for each sample size (Table 3.9), this choice of A implies on average more shrinkage.
If we compare the two resulting As for n = 100 to the optimal A for known ATE
in Table 3.6, we see that the MSE minimizing A is closer to these true \’s which

explains the slightly higher MSE gains.

The pattern of the MSE reductions by our procedure with respect to the conven-
tional propensity scores combined with trimming rule 2 is analogous to the pattern

with respect to the conventional propensity scores combined with trimming rule 1.

The detailed results in Tables 3.A.7 - 3.A.9 show that IPW1 is improved by up to
86.0%, IPW2 up to 38.6%, IPW3 up to 20.9%. For DR, the largest decrease in MSE
is 24.1%. Out of the 864 cases (72 settings for four estimators compared to three
alternatives), our procedure yields an improvement in the MSE 854 times. In the

other 10 cases, the average increase in MSE is only 0.925%.

Next, we use the cross-validated alternative to choose the optimal A. Table 3.9 sum-

marizes the \’s chosen by all three methods proposed:

Table 3.9: Average values for A\ obtained
through the different methods.

100 200 500 avg.
A=1/v/n 0.100 0.071 0.045 0.072
A = argmin MSE 0.113 0.076 0.046 0.078
A = cross-validated  0.061  0.029 0.013 0.034

Note: avg. denotes the average over the sample sizes.

For the fixed valued A method, the values are independent of the different designs
except for the sample size. For the MSE minimizing A and the cross-validated \, we
obtain different values for each setting. In these cases, Table 3.9 reports the average
values of A over the different settings for each sample size. In 7.3% of the Monte

Carlo samples with n = 100, cross-validated A is equal to 0 and the largest optimal
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A is 0.89. For n = 200 (n = 500), the respective values are 15.3% (31.1%) and 0.13
(0.06). As for the other two methods, these numbers indicated that less shrinkage

is optimal for larger sample sizes.

It turns out that the optimal choice of A by cross-validation is lower than the \’s
chosen by the other methods. Thus, the cross-validated A is not as close to the

optimal A for the known ATE given in Table 3.6 and lower MSE gains are expected.

The results based on these \’s are given in Tables 3.A.10 - 3.A.12 of Appendix 3.A.
Table 3.10 below summarizes the average percentage improvements. The results
show that, on average, the cross-validation method also leads to a gain in the MSE
of the ATEs for all four estimators. However, we see that the fixed valued \’s
(Table 3.7) and the MSE-minimizing method (Table 3.8) provide larger average
improvements in the MSEs of the ATEs.

Table 3.10: Average percentage improvement in MSE, cross-validated A

ATE based on the shrunken propensity scores p; + trimming rule 2 vs.

(a) ATE based on p; (b) ATE based on p; (c) ATE based on p;
+ trimming rule 1 + trimming rule 2
100 200 500 avg. 100 200 500 avg. 100 200 500 avg.

IPW1 410 400 435 41.5 174 105 53  11.1 121 73 40 7.8
(-0.1)  (0.0) (-0.6) (-0.2) (-0.2) (-0.1) (-0.7) (-0.4) (0.1) (0.2) (0.7) (0.3)

IPW2 12.1 15.5 20.5 16.0 9.5 5.6 4.4 6.5 4.4 2.8 1.7 3.0
(-0.2)  (-03) (-1.2) (-0.6) (-0.1) (-02) (-1.0) (-0.4) (0.0) (0.2) (0.2) (0.1)

IPW3 50 59 80 6.3 103 59 3.7 67 30 19 11 2.0
(-01)  (-0.3) (-1.3) (-0.6) (0.0) (-02) (-1.0) (-0.4) (0.0) (0.1) (0.2) (0.1)

DR 7.9 8.9 11.4 9.4 9.2 4.8 3.0 5.7 1.4 1.0 0.7 1.0

(-0.2)  (-0.4) (-1.4) (-0.7) (0.1) (-0.2) (-1.1) (-0.4) (0.1) (0.1) (0.1) (0.1)

Note: avg. denotes the average over the sample sizes. Percentage change which is due to the bias is given in brackets.

Using the cross validation method to determine the optimal A, the improvement in
MSEs can be split into the cases where A = 0, e.g. no shrinkage, is chosen and
into the cases where A\ > 0 is chosen. If we only look at the Monte Carlo samples
where at least some shrinkage is chosen, we obtain larger improvements in MSEs.

In those cases where A is set to zero, the MSEs of the estimators are obviously equal.

As reported in Table 3.10 part (c), even though the gains are less pronounced, our
procedure not only reduces the variance but, on average, also leads to a lower squared

bias for all four estimators and all sample sizes.

The detailed results in Tables 3.A.10 - 3.A.12 show that IPW1 is improved by up to
81.3%, IPW2 up to 42.0%, IPW3 up to 18.8%. For DR, the largest MSE-reduction
is 23.8%. In 18 out of the 288 cases, propensity score shrinkage fails to outper-
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form the estimators based on conventional propensity score estimates. Traditional
estimates based on the conventional propensity score combined with trimming rule
1 outperform our shrinkage approaches in only 9 out of the 288 cases. Moreover,
failure of MSE reduction due to shrinkage are not only rare, but the losses are also
small in magnitude. The average MSE increase over these 27 cases where our proce-
dure is outperformed is only 1.3%. If we compare our procedure to the conventional
propensity score combined with trimming rule 2, we see from Table 3.A.12 that in

all of the 288 cases our procedure yields a lower MSE.

To summarize our findings, we explicitly look at the most realistic setting described
before. We focus, thereby, on our suggested procedure and its asymptotic equivalent.

The results are given in Table 3.11:

Table 3.11: Average percentage improvement in MSE for the most realistic
setting and different As.

ATE based on p; + trimming rule 2 vs. ATE based on p; + trimming rule 2 using
A=1/vn A = argmin MSE A = cross-validated
100 200 500 avg. 100 200 500 avg. 100 200 500 avg.
IPW 1 20.5 15.2 10.4 15.4 20.5 14.4 10.3 15.1 13.6 9.1 6.1 9.6
(-1.2)  (-0.4) (0.5) (-0.4) (-1.7) (-1.2) (0.1) (-0.9) (-0.2) (-0.1) (1.1) (0.3)

IPW 2 6.3 4.2 3.2 4.6 5.6 4.0 3.1 4.2 2.7 2.3 1.1 2.0
(0.1)  (0.4) (0.6) (0.4) (0.1) (0.3) (0.7) (0.4) (0.2) (0.1) (0.2) (0.2)

IPW 3 5.3 3.7 2.8 3.9 4.8 3.2 2.6 3.5 2.2 1.9 0.7 1.6
(0.1)  (0.3) (05) (0.3) (0.1) (0.3) (0.6) (0.3) (0.1) (0.1) (0.2) (0.1)

DR 4.1 2.9 2.3 3.1 3.8 2.6 1.7 2.7 1.7 1.6 0.6 1.3

(0.1)  (0.2) (0.2) (0.2) (0.1) (0.2) (0.3) (0.2) (0.1) (0.0) (0.1) (0.1)

Note: avg. denotes the average over the sample sizes. Simulation for the specification with § =1, ¢ =2, n = —0.3, k = 0.8 and

mao(g). Average percentage change which is due to the bias is given in brackets.

Table 3.11 shows that, like for the average results, the cross validated A\ leads to
the smallest improvements. Comparing the results based on the fixed valued A to
those based on the MSE minimizing A, we again find that the improvements are
very similar. Moreover, for this setting, the MSE of the ATE is not only reduced
due to a variance reduction but also due to a lower squared bias with the exception
of IPW1 for n = 100 and n = 200.

Like for the average results, we also see that the gain of the MSE of the ATE is
largest for small samples and that the sample size increases as the gains decrease.
Asymptotically, the ATE based on the shrunken propensity score is equal to the

ATE based on the conventional propensity score.

Table 3.12 below summarizes our results by means of a linear regression. We regress
the average percentage MSE improvement on the features of our data generating pro-

cess represented by a set of dummy variables. The results show that the improvement
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is less pronounced if the error term is heteroscedastic (Set3 and Set4). The MSE im-
provement of the weighting estimators is larger when the outcome equation depends
on the propensity score in a nonlinear way. Moreover, there is a tendency towards
the improvement being higher when the treated-to-control ratio is balanced (Ra-
tiol). If we look at the influence of the sample size on the MSE improvement, we see
that compared to part (a) the improvement is higher for larger sample sizes. If the
conventional propensity score is combined with a trimming rule, the improvement is

significantly lower for larger sample sizes.

Table 3.12: Regression of the average percentage improvement in MSE for
N = 72 settings on a set of dummy variables describing the setting.

Average percentage MSE improvement for ATE based on p§ + trimming rule 2 vs.

(a) ATE based on p; (b) ATE based on p; (c) ATE based on p;
+ trimming rule 1 + trimming rule 2

Variables IPW1 IPW2 IPW3 DR IPW1 IPW2 IPW3 DR IPW1 IPW2 IPW3 DR
Cons 54.2 23.6 12.2 14.9 28.3 15.7 15.0 12.1 21.8 9.8 6.5 2.9
(2.3) (0.6) (0.6) (0.6) (0.5) (0.5) (0.5) (0.5)  (0.7) (0.6) (0.4)  (0.3)
Set2 2.8 -1.0 -1.6 -1.2 3.8 -0.2 -0.2 -0.5 3.5 0.7 0.7 0.5
(2.2) (0.5) (0.6) (0.6) (0.5) (0.5) (0.5) (0.5)  (0.7) (0.5) (0.4) (0.3)
Set3 -13.7 -13.1 -9.6 -9.4 -5.6 -4.6 -3.7 -1.2 -3.9 -2.9 -1.1 1.5
(2.2) (0.5) (0.6) (0.6) (0.5) (0.5) (0.5) (0.5)  (0.7) (0.5) (0.4)  (0.3)
Set4 -10.0 -13.7 -10.6 -10.2 -2.7 -4.7 -3.8 -1.5 -1.3 -2.4 -0.6 1.8
(2.2) (0.5) (0.6) (0.6) (0.5) (0.5) (0.5) (0.5)  (0.7) (0.5) (0.4)  (0.3)
Curve2 4.1 1.0 0.7 0.2 0.9 1.3 0.8 0.0 2.8 1.6 1.1 0.1
(1.5) (0.4) (0.4) (0.4) (0.3) (0.4) (0.3) (0.3)  (0.5) (0.4) (0.3)  (0.2)
Ratio2 -14.7 -3.3 -0.5 -2.4 -4.1 -0.7 -0.8 -1.6 -4.4 0.1 0.2 -0.3
(1.9) (0.5) (0.5) (0.5) (0.4) (0.4) (0.4) (0.4)  (0.6) (0.5) (0.3)  (0.2)
Ratio3 -3.3 -5.5 -0.8 -0.3 -1.5 -1.9 -1.2 -0.2 -2.3 -1.6 -0.8 -0.1
(1.9) (0.5) (0.5) (0.5) (0.4) (0.4) (0.4) (0.4)  (0.6) (0.5) (0.3)  (0.2)
N2 6.6 4.4 1.5 1.4 -9.5 -4.9 -5.2 -5.0 -5.4 -3.0 -2.2 -1.1
(1.9) (0.5) (0.5) (0.5) (0.4) (0.4) (0.4) (0.4)  (0.6) (0.5) (0.3)  (0.2)
N3 -2.9 9.0 4.8 5.1 -12.8 -5.4 -6.2 -5.2 -10.6 -5.1 -3.7 -2.0

(1.9)  (0.5)  (0.5) (0.5) (0.4)  (0.4)  (0.4) (0.4) (0.6) (0.5)  (0.3) (0.2)

R? 0.74 0.96 0.91 0.9 0.96 0.86 0.87 0.79 0.9 0.79 0.73 0.66

Note: OLS standard errors in brackets. Setl = homogeneous treatment and homoscedasticity, Set2 = heterogeneous treatment and
homoscedasticity, Set3 = homogeneous treatment and heteroscedasticity, Set4 = heterogeneous treatment and heteroscedasticity, Curvel
= Outcome equation depends linearly on the propensity score, Cuve2 = Outcome equation depends on the propensity score in a
nonlinear way, Ratiol = Treated-to-Control Ratio 1:1, Ratio2 = Treated-to-Control Ratio 3:2, Ratio3 = Treated-to-Control Ratio 2:3,
N1 = sample size 100, N2 = sample size 200, N3 = sample size 500.

3.5 Conclusion

Estimators that rely on propensity score weighting are among the most popular
methods used in the literature on estimation of causal treatment effects. In this
paper, we propose a simple and easy-to-implement method to improve those estima-
tors in terms of MSE. The considerable gains in terms of MSE are demonstrated by
a comprehensive Monte Carlo simulation study.

The methods we consider here require the first step estimation of the propensity
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scores. We show that the MSE improvements of the first step estimation lead to
MSE reduction of the treatment effect estimator in finite samples. To improve the
first step propensity score estimation, we propose a simple shrinkage towards the
unconditional mean of the treatment variable. Since the shrinkage parameter is a
choice parameter, we suggest three different methods for choosing a A which satisfies

certain optimality conditions.

In the Monte Carlo study, we evaluate the finite sample properties with and with-
out applying trimming rules. All three suggested choices of A\ lead to an average

improvement in the MSE of the average treatment effects for all four estimators.

In the first part of the Monte Carlo study we compare the estimators based on the
shrunken propensity scores to the estimators based on the conventional propensity
scores. We obtain a lower MSE in all of the settings if we use the fixed valued or
the MSE minimizing tuning parameter. For the cross validated tuning parameter
the MSE is reduced in 99.3% of the cases, respectively.

In the second part we base the estimators on the shrunken propensity scores com-
bined with trimming rule proposed by Crump et al. (2009). If we compare this
procedure to the estimators based on the conventional propensity score, conven-
tional propensity score combined with trimming rule 1 as well as the conventional
propensity score combined with trimming rule we find the following: With the fixed
tuning parameter method our procedure leads in 99.7% of the cases to a lower MSE.
With the MSE minimizing A and the cross-validated A our procedure outperforms

in 98.8% and 96.9% cases, respectively.

Given this insight and the fact that the MSE minimizing choice of A has a much
higher computational cost than the fixed valued A, the latter provides the best trade

off between MSE gain and computational burden.

The main advantage of our approach is that it is very simple and can be imple-
mented at basically no cost. Since the shrunken propensity scores are a simple
linear combination of the conventional propensity scores and the share of treated,

every improvement can be obtained without computational burdens.
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Appendix 3.A Tables

Table 3.A.1: Percentage improvement in MSE for the ATE if the shrunken propensity scores are used
instead of the conventional propensity scores, fixed valued A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 59.8 60.9 57.0 56.4 58.9 52.1 60.7 61.6 57.9 58.4 58.2 49.5
(-0.2) (-0.3) (-0.1) (-6.3) (-7.0) (-8.5) (-0.5) (-0.7) (-0.5) (-11.5)  (-13.1)  (-17.1)
= IPwW2 24.4 26.7 25.3 26.8 30.5 33.8 20.5 22.6 19.4 26.0 29.7 33.3
° (-3.9) (-4.6) (-6.8) (-1.0) (-1.0) (-0.5) (-8.5) (-10.0) (-13.7) (-1.4) (-1.4) (-0.8)
s IPW3 10.3 9.0 6.4 11.4 10.2 8.6 8.2 6.9 3.8 11.1 10.0 8.5
~ (-1.6) (-1.6) (-2.4) (-0.4) (-0.4) (-0.1) (-3.5) (-3.7) (-4.8) (-0.6) (-0.5) (0.0)
DR 8.5 9.9 11.0 8.5 10.0 11.3 8.5 9.9 11.1 8.5 10.0 11.0
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.1) (0.0) (0.0) (-0.2) (-0.3) (-0.6)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 45.7 48.1 46.0 43.9 48.2 42.9 46.9 49.2 47.2 48.3 49.9 42.7
(-0.2) (-0.3) (-0.1) (-5.0) (-5.6) (-6.8) (-0.4) (-0.5) (-0.4) (-9.7) (-11.1)  (-14.2)
= IPW2 12.7 14.5 15.6 14.2 17.4 21.9 10.3 11.9 11.5 13.7 16.9 21.6
o (-2.5)  (-3.2) (-4.9) (-0.6) (-0.7) (-0.4) (-5.7) (-7.0) (-10.0) (-0.9) (-0.9) (-0.5)
s IPW3 4.8 4.4 2.8 5.5 5.2 4.3 3.5 3.1 1.1 5.3 5.1 4.3
~ (-1.0)  (-1.1) (-1.6) (-0.3) (-0.2) (0.0) (-2.2) (-2.4) (-3.3) (-0.4) (-0.3) (0.0)
DR 5.5 6.5 7.2 5.6 6.6 7.4 5.5 6.5 7.3 5.7 6.6 7.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.2) (-0.4)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 55.9 47.9 38.1 52.5 43.2 35.2 56.1 48.3 38.7 52.8 43.1 35.2
(-0.4) (-0.5) (-1.0) (-1.1) (-1.6) (-1.4) (-0.3) (-0.3) (-0.7) (-3.4) (-4.6) (-4.8)
g IPW 2 20.6 22.6 22.0 22.2 23.8 23.0 18.8 21.2 20.6 21.5 229 22.3
9 (-2.0)  (-2.0) (-2.6) (-1.1) (-1.5) (-1.4) (-3.9) (-4.0) (-4.9) (-1.6) (-2.1) (-1.9)
< IPW3 8.6 7.6 6.7 9.0 7.6 7.0 7.6 6.6 5.7 8.7 7.3 6.8
~ (-0.9) (-0.8) (-1.0) (-0.6) (-0.7) (-0.5) (-1.8) (-1.7) (-1.9) (-0.8) (-1.0) (-0.7)
DR 5.9 6.6 8.3 5.9 6.7 8.4 5.9 6.7 8.2 6.0 6.9 8.6
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 40.6 33.9 27.4 37.1 29.3 24.7 41.0 34.3 27.9 38.4 30.1 25.4
(-0.3)  (-0.4) (-0.7) (-0.8) (-1.1) (-1.0) (-0.2) (-0.2) (-0.5) (-2.6) (-3.4) (-3.5)
S]S IPW 2 10.7 12.9 13.8 11.7 13.7 14.2 9.6 12.2 12.9 11.2 13.2 13.8
9 (-1.3)  (-1.3) (-1.8) (-0.7) (-1.0) (-1.0) (-2.5) (-2.6) (-3.4) (-1.1) (-1.4) (-1.3)
v IPW3 3.6 3.5 3.5 3.8 3.6 3.7 3.0 2.9 2.8 3.6 3.4 3.6
~ (-0.6)  (-0.5) (-0.6) (-0.4) (-0.4) (-0.3) (-1.2) (-1.0) (-1.3) (-0.5) (-0.6) (-0.4)
DR 3.9 4.5 5.8 3.9 4.6 5.9 3.9 4.5 5.8 4.0 4.7 6.0
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 47.7 65.5 36.3 46.8 66.1 33.0 48.7 66.5 36.8 48.1 67.4 31.6
(-2.5)  (-2.0) (-4.0) (-9.2) (-6.8) (-14.6) (-3.2) (-2.6) (-5.4) (-15.4)  (-10.9) (-24.6)
2 IPW 2 19.7 21.9 18.8 21.6 23.2 21.7 17.0 19.5 15.8 21.5 23.2 21.8
o (-2.0)  (-2.3) (-3.2) (-0.1) (-0.1) (0.0) (-5.2) (-5.9) (-7.6) (-0.2) (-0.1) (0.0)
v IPW3 8.9 7.5 5.7 9.7 8.4 7.0 7.4 6.0 4.0 9.6 8.3 7.0
~ (-0.9) (-0.9) (-1.2) (-0.1)  (0.0) (0.0) (-2.3) (-2.4) (-2.8) (-0.1) (0.0) (0.1)
DR 6.2 6.3 7.3 6.2 6.4 7.4 6.2 6.3 7.3 6.1 6.3 7.1
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.1) (-0.3) (-0.4)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 36.5 54.8 28.4 37.1 57.2 27.0 37.6 56.3 29.2 40.2 60.6 27.3
(-1.8)  (-1.7)  (-2.9) (-7.1) (-5.8) (-10.9) (-2.4) (-2.2) (-3.9) (-12.5) (-9.7) (-19.6)
‘*C.\]':’ IPW 2 9.9 11.8 11.2 11.0 12.4 13.2 8.3 10.4 9.3 11.0 12.4 13.3
9 (-1.3)  (-1.5)  (-2.1) (-0.1) (-0.1) (0.0) (-3.3) (-3.9) (-5.2) (-0.1) (-0.1) (0.0)
< IPW3 4.4 3.7 2.8 4.9 4.2 3.7 3.5 2.8 1.8 4.8 4.2 3.6
~ (-0.5) (-0.6) (-0.8)  (0.0) (0.0) (0.0) (-1.4) (-1.5) (-1.8) (0.0) (0.0) (0.0)
DR 4.0 4.1 5.0 4.0 4.2 5.0 4.0 4.1 5.0 4.0 4.1 4.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.2) (-0.3)

Note: Percentage change which is due to the bias (

bias? (ATE(p)) —bias? (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.
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Table 3.A.2: Percentage improvement in MSE for the ATE if the shrunken propensity scores are used
instead of the conventional propensity scores, MSE(p{)-minimizing A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 60.9 66.3 66.3 57.5 63.3 58.4 61.6 67.3 66.3 58.1 64.6 56.9
(-0.2) (-0.3) (-0.2) (-6.2) (-6.2) (-7.3) (-0.4) (-0.6) (-0.5) (-11.8) (-11.0) (-13.9)
E IPW 2 24.6 26.5 31.3 27.7 29.0 34.3 20.5 22.5 28.0 27.0 28.3 33.8
o (-4.3)  (-3.9) (-5.3) (-0.9) (-1.3) (-0.9) (-9.2)  (-8.9) (-10.7) (-1.3) (-1.7) (-1.3)
£ IPW3 9.9 9.3 7.3 11.4 10.0 8.7 7.6 7.3 5.3 11.2 9.8 8.6
~ (-1.8) (-1.4) (-1.7) (-0.4) (-0.5) (-0.3) (-4.0)  (-3.2) (-3.6) (-0.5) (-0.6) (-0.3)
DR 8.5 9.6 11.2 8.6 9.8 11.7 8.4 9.6 11.1 8.6 9.9 11.7
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.2) (-0.2) (-0.4)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 46.4 54.1 56.5 44.8 52.6 49.7 47.5 55.5 56.8 47.9 56.1 50.2
(-0.2) (-0.3) (-0.1) (-4.8) (-5.1) (-6.1) (-0.3)  (-0.5) (-0.4) (-9.7) (-9.5) (-12.2)
3 IPW 2 11.9 15.8 21.4 13.7 17.2 23.2 9.5 13.4 19.7 13.3 16.8 22.8
o (-27)  (-2.6) (-39) (-0.6) (09 (-0.7) (5.9 (-59) (-7.9)  (-09)  (-1.2)  (-0.9)
s IPW3 4.1 4.5 3.9 5.0 4.9 5.0 2.7 3.3 2.5 4.9 4.8 4.9
~ (-1.1)  (-0.8) (-1.2) (-0.3) (-0.3) (-0.2) (-2.4)  (-2.0) (-2.5) (-0.3) (-0.4) (-0.2)
DR 4.8 6.6 7.7 4.9 6.7 8.3 4.9 6.6 7.7 5.0 6.8 8.4
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.1) (-0.3)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 51.9 86.8 42.0 47.7 71.8 41.0 52.4 86.7 42.9 48.8 70.6 42.8
(-0.5) (-0.2) (-0.7) (-1.4) (-0.7) (-1.8) (-0.4) (-0.1) (-0.5) (-4.3) (-2.4) (-5.0)
S]'.S IPW 2 21.0 21.3 22.2 22.0 22.6 24.3 19.1 19.3 20.6 21.1 21.8 23.5
o (-2.4)  (-2.5)  (-2.0) (-1.2) (-1.4) (-2.0) (-4.7)  (-4.8) (-4.1) (-1.8) (-2.0) (-2.6)
s IPW3 9.5 8.1 6.9 9.9 8.6 6.7 8.3 7.0 6.0 9.6 8.3 6.4
~ (-1.2)  (-1.0) (-0.6) (-0.6) (-0.6) (-0.8) (-2.3)  (-2.1) (-1.4) (-0.9) (-0.9) (-1.0)
DR 6.1 6.7 8.3 6.2 6.7 8.5 6.1 6.6 8.3 6.3 6.9 8.8
(0.0) (0.0) (-0.1)  (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 36.1 79.4 30.5 32.0 59.6 29.5 36.6 79.3 31.3 34.2 59.1 31.9
(-0.4) (-0.2) (-0.5) (-1.0) (-0.6) (-1.3) (-0.3)  (-0.1) (-0.3) (-3.1) (-2.1) (-3.8)
g IPW 2 10.1 11.8 13.9 10.7 12.9 15.7 9.0 10.5 12.8 10.1 12.4 15.1
° (-1.5)  (-1.7)  (-1.4) (-0.8) (-0.9) (-1.4) (-3.0) (-3.3) (-2.9) (-1.2) (-1.3) (-1.8)
£ IPW3 3.8 3.9 3.7 4.1 4.2 3.6 3.1 3.1 3.1 3.8 4.0 3.4
~ (-0.7)  (-0.7) (-0.4) (-0.4) (-0.4) (-0.5) (-1.4) (-1.4) (-1.0) (-0.6) (-0.6) (-0.7)
DR 3.8 4.5 5.9 3.9 4.6 6.0 3.8 4.5 5.9 4.0 4.7 6.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 72.5 56.0 38.6 74.2 56.0 33.9 73.5 57.1 38.8 75.6 56.9 34.5
(-1.3)  (-2.6) (-4.7) (-4.9) (-9.2) (-16.0) (-1.7) (-3.4) (-6.2) (-7.9) (-15.0)  (-25.2)
2 IPW 2 21.3 21.7 24.5 23.6 24.0 24.8 18.3 18.7 22.9 23.5 23.9 25.0
A (27)  (26) (20) (01) (0.1) (01) (64) (65) (57 (0.1)  (01)  (-0.1)
s IPW3 9.2 8.0 6.5 10.5 9.1 7.1 7.3 6.3 5.1 10.5 9.0 7.1
~ (-1.3)  (-1.1)  (-0.7)  (0.0) (0.0) (-0.1) (-3.1)  (-2.7) (-2.0) (0.0) (0.0) (-0.1)
DR 6.4 7.1 7.6 6.4 7.1 7.8 6.3 7.1 7.5 6.3 7.0 7.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)  (-0.1) (-0.1) (-0.2) (-0.2) (-0.2)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 61.1 44.9 29.9 64.9 46.6 27.1 62.7 46.3 30.3 68.7 49.7 29.1
(-1.1)  (-2.0) (-3.6) (-4.2) (-7.3) (-12.6) (-1.4) (-2.6) (-4.8)  (-7.1)  (-12.7) (-21.2)
2 IPW 2 9.7 11.8 15.6 11.1 13.2 15.5 8.1 10.1 15.1 11.1 13.2 15.7
o (-1.6) (-1.6) (-1.4) (-0.1) (-0.1) (-0.1) (-4.0)  (-4.1) (-4.0) (-0.1) (-0.1) (-0.1)
'*;‘:3 IPW 3 3.8 3.7 3.2 4.6 4.3 3.6 2.7 2.6 2.4 4.6 4.3 3.6
~ (-0.7)  (-0.7)  (-0.5)  (0.0) (0.0) (-0.1) (-1.8)  (-1.7) (-1.3) (0.0) (0.0) (-0.1)
DR 3.5 4.6 4.9 3.6 4.6 5.1 3.5 4.6 4.8 3.6 4.6 5.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.2) (-0.1)

Note: Percentage change which is due to the bias (

bias2 (ATE(p)) —bias2 (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.

108



3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.3: Percentage improvement in MSE for the ATE if the shrunken propensity scores are
used instead of the conventional propensity scores, data-driven A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 9.1 6.4 1.9 7.7 4.9 1.7 9.1 6.4 2.0 6.0 3.3 1.3
(0.0) (-0.1) (0.0) (-1.1) (-1.2) (-0.5) (-0.1) (-0.2) (-0.1) (-2.2) (-2.1) (-0.9)
- IPW 2 7.0 4.8 3.5 8.1 5.8 4.5 5.6 3.5 2.8 8.1 5.6 4.5
:; (-1.1)  (-0.4) (-0.4) (-0.2) (-0.3) (-0.1) (-2.3) (-1.1) (-0.9) (-0.3) (-0.4) (-0.1)
'*g IPW 3 4.0 2.6 1.7 4.4 2.9 2.2 3.3 2.0 1.2 4.6 2.9 2.2
~ (-0.6) (-0.2) (-0.3) (-0.1) (-0.2) (-0.1) (-1.3) (-0.6) (-0.6) (-0.1) (-0.2)  (0.0)
DR 3.4 2.7 2.5 3.4 2.8 2.7 3.6 2.7 2.4 3.6 2.7 2.7
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.1)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 7.4 5.2 1.8 6.4 4.0 1.5 7.5 5.2 1.8 5.3 2.9 1.2
(0.0) (-0.1) (0.0) (-0.9) (-1.0) (-0.4) (-0.1) (-0.1) (-0.1) (-1.9) (-1.8) (-0.8)
3 IPW 2 3.1 2.3 2.2 3.9 2.9 2.8 2.2 1.5 1.8 4.0 2.8 2.7
9 (-0.7)  (-0.3) (-0.3) (-0.1) (-0.2) (-0.1) (-1.5) (-0.7) (-0.7) (-0.2) (-0.3) (-0.1)
= IPW3 1.6 1.2 1.0 1.9 1.3 1.3 1.2 0.8 0.7 2.1 1.3 1.2
~ (-0.4) (-0.1) (-0.2) (-0.1) (-0.1) (0.0) (-0.8) (-0.4) (-0.4) (-0.1) (-0.1)  (0.0)
DR 2.1 1.6 1.7 2.1 1.7 1.8 2.2 1.6 1.7 2.2 1.7 1.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 13.2 8.3 5.4 13.1 8.3 5.5 13.4 8.5 5.6 12.8 8.1 5.4
(-0.1)  (0.0) (-0.1) (-0.5) (-0.3) (-0.2) (-0.1)  (0.0) (0.0) (-1.5) (-0.8) (-0.5)
:;\]-_; IPW 2 7.6 4.9 3.0 8.0 5.1 3.1 6.7 4.3 2.5 7.7 4.9 2.9
o (-0.9) (-0.4) (-0.3) (-0.4) (-0.3) (-0.1) (-1.7) (-0.8) (-0.6) (-0.6) (-0.4) (-0.2)
v IPW3 4.5 2.8 1.7 4.7 2.8 1.7 4.0 2.5 1.5 4.6 2.7 1.7
~ (-0.5)  (-0.3) (-0.2) (-0.3) (-0.2) (-0.1) (-1.0) (-0.5) (-0.4) (-0.4) (-0.3) (-0.1)
DR 3.0 2.3 1.7 3.0 2.4 1.8 3.0 2.3 1.7 3.0 2.4 1.9
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 8.7 5.7 3.8 8.4 5.6 3.5 8.9 5.9 3.9 8.6 5.7 3.5
(-0.1)  (0.0) (0.0)  (-0.4) (-0.2) (-0.1)  (0.0) (0.0) (0.0) (-1.1) (-0.6) (-0.4)
 IPW 2 3.2 2.4 1.8 3.4 2.5 1.6 2.7 2.0 1.5 3.2 2.3 1.4
°§ (-0.5) (-0.3) (-0.2) (-0.2) (-0.2) (-0.1) (-1.1) (-0.5) (-0.4) (-0.4) (-0.3) (-0.1)
'*g IPW 3 1.6 1.2 1.0 1.7 1.2 0.8 1.3 1.0 0.9 1.6 1.1 0.7
~ (-0.3) (-0.2) (-0.1) (-0.2) (-0.1) (-0.1) (-0.6) (-0.3) (-0.3) (-0.2) (-0.2) (-0.1)
DR 1.8 1.5 1.1 1.8 1.5 1.1 1.8 1.5 1.1 1.8 1.6 1.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 9.7 6.4 3.8 6.2 2.9 0.1 9.2 6.0 3.4 3.6 0.2 -2.9
(-0.3)  (-0.5) (-0.3) (-1.7) (-1.8) (-1.1) (-0.4) (-0.6) (-0.4) (-2.8) (-2.9) (-1.8)
2 IPW 2 7.3 5.2 3.2 8.3 5.8 4.0 5.7 4.1 1.9 8.3 5.8 4.0
9 (-0.8) (-0.2) (-0.4) (0.0) (-0.1) (0.0) (-2.0) (-0.8) (-0.8) (0.0) (-0.1)  (0.0)
= IPW3 4.3 3.0 1.9 4.9 3.2 2.1 3.4 2.5 1.3 4.9 3.2 2.2
~ (-0.5)  (-0.1) (-0.2)  (0.0) (0.0) (0.0) (-1.2) (-0.5) (-0.5)  (0.0) (0.0) (0.0)
DR 2.9 2.3 2.0 2.9 2.4 2.0 2.9 2.3 1.9 2.8 2.3 1.9
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.1)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 7.7 5.0 2.9 5.3 2.6 0.0 7.4 4.8 2.5 3.3 0.5 -2.5
(-0.2)  (-0.4) (-0.2) (-1.3) (-1.4) (-0.8) (-0.3) (-0.5) (-0.3) (-2.3) (-2.4) (-1.5)
2 IPW 2 2.9 2.5 1.8 3.6 2.9 2.3 2.0 1.8 1.0 3.6 2.9 2.3
o (-0.5) (-0.1) (-0.2) (0.0) (-0.1)  (0.0) (-1.3) (-0.5) (-0.5)  (0.0) (-0.1)  (0.0)
v IPW3 1.7 1.4 1.0 2.0 1.6 1.2 1.2 1.1 0.7 2.0 1.6 1.2
~ (-0.3) (-0.1) (-0.1)  (0.0) (0.0) (0.0) (-0.7) (-0.3) (-0.3)  (0.0) (0.0) (0.0)
DR 1.7 1.4 1.3 1.7 1.4 1.3 1.7 1.4 1.3 1.6 1.4 1.3
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.1)

Note: Percentage change which is due to the bias (

bias2 (ATE(p)) —bias2 (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.

109



3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.4: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores, fixed valued A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 53.9 59.0 55.8 55.4 62.2 56.7 54.9 59.8 56.1 64.2 68.3 63.1
(0.0) (0.0) (0.0) (-1.3) (-1.0) (-0.7) (-0.1) (0.0) (0.0) (-1.2)  (-0.5) (0.1)
E IPW 2 22.1 29.2 33.6 22.7 31.0 37.3 22.0 29.3 33.6 22.6 30.2 34.0
9 (-0.7)  (-0.9) (-0.7) (-0.1)  (0.0) (0.1) (-1.6) (-1.9) (-1.5) (0.1) (-0.5)  (-3.1)
v IPW3 11.2 15.7 17.8 11.8 16.7 18.8 10.5 14.8 16.6 11.8 15.6 14.2
~ (-0.2) (-0.4) (-0.1)  (0.0) (0.1) (0.0) (-0.5) (-0.8) (-0.3) (0.0) (-0.9) (-4.9)
DR 12.9 18.2 20.7 13.4 18.7 22.6 12.9 18.5 19.9 13.7 17.8 18.6
(0.1) (0.1)  (-0.1)  (0.0) (0.0) (0.2) (0.2) (0.3) (-0.1) (-0.6) (-1.9) (-5.6)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 38.2 43.8 42.2 40.5 48.5 43.9 39.6 45.0 43.0 51.2 56.7 51.9
(0.0) (0.0) (0.0) (-1.0) (-0.8) (-0.5)  (0.0) (0.0) (0.0) (-1.0) (-0.4) (0.1)
3 IPW 2 8.9 13.5 18.5 9.6 15.1 21.1 9.2 13.6 18.6 9.6 14.8 18.7
9 (-0.5) (-0.7) (-0.6) (-0.1)  (0.0) (0.1) (-1.1)  (-1.4) (-1.2) (0.1) (-0.3)  (-2.4)
= IPW3 2.1 4.6 5.3 2.7 5.3 5.7 1.8 3.8 4.5 2.7 4.7 2.5
~ (-0.1)  (-0.3) (-0.1)  (0.0) (0.1) (0.0) (-0.4) (-0.6) (-0.3) (0.0) (-0.6) (-3.4)
DR 4.8 7.3 7.6 5.1 7.5 8.9 5.0 7.3 7.0 5.4 7.0 6.1
(0.1) (0.1)  (-0.1)  (0.0) (0.0) (0.1) (0.1) (0.2) (-0.1) (-0.4) (-1.3) (-4.1)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 51.8 45.1 42.9 46.9 38.5 37.2 50.4 42.8 39.0 50.5 43.4 42.6
(-0.1)  (-0.2) (-0.1) (-2.0) (-2.3) (-21) (-1.1) (-2.0) (-3.4) (-1.8) (-1.0)  (0.0)
S]'.S IPW 2 19.7 22.8 29.7 21.4 24.7 30.4 20.0 23.6 30.2 20.9 23.9 27.0
o (-0.6) (-0.5) (-0.6) (-0.1) (-0.1) (-0.2) (-0.2) (0.0) (0.0) (0.1) (-0.4) (-3.3)
v IPW3 10.9 10.9 19.0 11.7 11.9 19.3 11.1 10.8 17.8 11.1 10.7 14.8
~ (-0.3)  (-0.2) (-0.2)  (0.1) (0.1) (0.0) (0.2) (0.1) (-0.4) (-0.1) (-0.7) (-4.4)
DR 12.5 12.6 21.2 12.6 12.9 21.4 11.8 11.1 18.0 11.4 10.7 15.4
(0.1) (0.1) (0.0) (0.0) (0.1) (0.0) (-0.5) (-1.1) (-2.6) (-1.2) (-2.3) (-6.5)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 36.7 31.1 30.9 31.9 25.0 25.4 35.8 29.7 28.4 35.7 29.4 29.8
(-0.1)  (-0.1) (-0.1) (-1.5) (-1.6) (-1.5) (-0.8) (-1.4) (-2.5) (-1.4) (-0.7) (0.0)
g IPW 2 7.1 10.9 17.9 7.9 12.0 17.0 7.5 11.8 18.7 7.6 11.4 14.4
9 (-0.4) (-0.4) (-0.4)  (0.0) (0.0) (-0.1)  (-0.1) (0.0) (0.0) (0.0) (-0.3) (-2.3)
v IPW3 1.0 2.7 9.4 1.4 3.4 8.8 1.2 2.8 9.1 1.0 2.5 5.5
~ (-0.2) (-0.2) (-0.1)  (0.0) (0.1) (0.0) (0.1) (0.1) (-0.2) (0.0) (-0.5)  (-3.0)
DR 2.1 4.0 10.3 2.2 4.2 10.5 1.7 3.1 8.5 1.4 2.7 6.2
(0.0) (0.1) (0.0) (0.0) (0.0) (0.0) (-0.3)  (-0.7) (-1.7) (-0.8) (-1.6) (-4.5)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 45.2 66.2 41.9 50.3 70.7 46.5 46.6 67.4 40.9 58.0 75.7 53.7
(0.2) (0.1) (0.0) (-0.3) (-0.2) (-04) (0.1) (-0.2) (-1.6) (-0.5) (-0.3) (-0.1)
2 IPW 2 18.2 23.2 26.2 18.7 23.3 27.2 16.3 20.6 20.5 18.8 23.2 27.2
9 (-0.5) (-0.7) (-0.5) (-0.1)  (0.0) (0.0) (-3.1) (-4.5) (-6.9) (0.0) (0.0) (-0.2)
v IPW3 10.6 12.3 16.6 10.9 13.0 17.6 8.6 9.0 9.8 11.0 12.8 17.3
~ (-0.2) (-0.3) (-0.1) (-0.1)  (0.0) (0.0) (-2.2) (-3.6) (-5.9) (0.0) (-0.1)  (-0.3)
DR 12.5 14.3 18.9 12.6 14.5 19.7 12.7 13.9 15.8 13.1 14.8 19.8
(0.1) (0.1) (0.0) (0.0) (0.0) (0.1) (0.0) (-0.7)  (-2.6) (0.0) (-0.2) (-0.4)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 30.1 52.1 29.8 35.9 58.4 35.3 31.8 53.8 29.8 45.3 65.9 44.0
(0.1) (0.1) (0.0) (-0.2) (-0.2) (-0.3) (0.1) (-0.1) (-1.1) (-0.4) (-0.2) (-0.1)
2 IPW 2 7.7 10.1 14.3 8.1 10.1 15.1 6.8 8.4 10.4 8.3 10.2 15.1
o (-0.3)  (-0.4) (-0.3) (-0.1)  (0.0) (0.0) (-2.0) (-3.0) (-4.5) (0.0) (0.0) (-0.1)
< IPW3 4.0 3.4 74 4.2 4.0 8.0 2.8 1.2 3.0 4.3 4.0 7.9
~ (-0.1)  (-0.2)  (0.0) (0.0) (0.0) (0.0) (-1.4)  (-2.3) (-3.6) (0.0) (0.0) (-0.2)
DR 8.1 6.1 10.0 8.0 6.3 10.2 8.3 5.6 8.2 8.4 6.7 10.4
(0.1) (0.0) (0.0) (0.0) (0.0) (0.1) (0.0) (-0.4) (-1.6) (0.0) (-0.1)  (-0.2)

Note: Percentage change which is due to the bias (

bias2 (ATE(p)) —bias2 (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.
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3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.5: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores with trimming rule

1, fixed valued A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 26.7 19.3 17.0 29.4 19.4 13.7 34.0 24.3 19.4 34.2 24.7 17.6
(0.0) (-0.1) (0.1) (-2.2) (-24) (-1.4) (-0.1) (-0.1) (0.1) (-3.0) (-0.8) (2.1)
= IPwW2 15.0 11.4 10.5 15.4 12.3 11.6 15.1 10.8 9.6 16.7 14.2 11.3
° (-1.0) (-1.3) (-1.7) (-0.2) (-0.1) (0.2) (-2.3) (-2.8) (-3.1) (1.1) (1.4)  (-0.3)
s IPW3 13.9 10.3 8.8 14.1 10.9 9.6 14.5 10.2 8.6 15.2 12.4 8.6
~ (-0.5)  (-0.6) (-0.8) (-0.1)  (0.0) (0.2)  (-1.1) (-14) (-1.5) (1.1) (1.2)  (-1.0)
DR 10.2 7.0 7.2 9.9 7.1 7.7 11.1 7.5 7.7 10.3 7.8 5.3
(0.0) (0.0) (0.1) (0.0) (0.0) (0.1) (0.0) (0.0) (0.1) (0.9) (0.3)  (-2.7)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 21.8 13.5 10.6 23.8 14.1 8.6 27.0 16.7 12.0 27.8 18.6 12.0
(0.0) (0.0) (0.1) (-1.4) (-1.5) (-0.8) (-0.1) (-0.1) (0.1) (-2.0) (-0.5) (1.5)
E IPW 2 11.9 6.3 5.4 12.1 7.2 6.1 12.1 5.4 4.4 12.9 8.7 6.3
° (-0.6) (-0.8) (-1.1) (-0.1) (-0.1) (0.1) (-1.4) (-1.7) (-2.0) (0.7) (0.9) (-0.2)
£ IPW3 12.1 6.4 4.7 12.2 6.9 5.2 12.6 5.8 4.1 12.8 8.2 4.9
~ (-0.3) (-0.4) (-0.5) (-0.1)  (0.0) (0.1) (-0.7) (-0.8) (-1.0)  (0.7) (0.8)  (-0.7)
DR 11.6 6.0 4.8 11.4 6.1 5.1 12.3 5.9 4.5 11.6 6.7 4.0
(0.0) (0.0) (0.0) (0.0) (0.0) (0.1) (0.0) (0.0) (0.0) (0.6) 0.2) (-1.7)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 23.7 15.9 15.0 24.2 14.9 12.3 28.1 17.5 11.9 28.6 20.1 18.1
(-0.2)  (-0.3) (-0.2) (-2.8) (-3.2) (-2.9) (-1.5) (-2.6) (-4.8) (-1.9) (-0.7) (1.3)
g IPW 2 15.0 10.0 10.6 14.8 10.7 12.2 16.7 11.3 10.9 16.2 12.4 11.2
° (-0.7)  (-0.6) (-0.8) (-0.2) (-0.3) (-0.2) (-0.3)  (0.1) (0.0) (1.2) (0.6)  (-2.3)
£ IPW3 14.3 8.9 9.5 14.1 9.3 10.4 15.8 9.8 8.8 15.1 10.5 8.4
~ (-0.4) (-0.3) (-0.3) (-0.1) (-0.1) (-0.1)  (0.0) (0.2) (-0.5) (1.0) (0.3)  (-3.1)
DR 10.3 6.0 8.0 10.1 6.0 8.2 10.5 5.0 4.7 10.1 5.5 3.9
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.4) (-1.0) (-2.8) (0.4) (-0.9) (-5.2)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 19.0 10.1 8.0 19.3 9.5 5.9 22.1 11.2 6.2 22.5 12.9 10.0
(-0.1) (-0.2) (-0.1) (-1.8) (-1.9) (-1.8) (-1.0) (-1.6) (-3.1) (-1.2) (-0.3) (0.9)
S]:S IPW 2 11.0 5.0 3.7 10.7 5.5 4.2 12.0 5.8 4.0 11.7 6.7 3.8
° (-0.4) (-0.4) (-0.5) (-0.1) (-0.1) (-0.1) (-0.2)  (0.0) (0.0) (0.7) (0.4)  (-1.5)
s IPW3 11.2 4.8 3.1 11.0 5.1 3.3 12.1 5.4 2.8 11.7 5.9 2.3
~ (-0.2) (-0.2) (-0.2) (-0.1) (-0.1)  (0.0) (0.0) (0.1) (-0.3)  (0.7) (0.2)  (-2.0)
DR 10.2 4.2 2.4 10.1 4.3 2.5 10.3 3.5 0.3 10.3 4.1 0.0
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.2) (-0.5) (-1.7) (0.3) (-0.6) (-3.4)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 23.9 16.3 16.7 28.1 18.5 15.8 30.3 20.7 16.9 33.1 22.2 17.5
(0.2) (0.0) (0.0) (-0.5) (-0.9) (-0.7) (-0.1) (-0.6) (-2.1) (-1.8) (-1.4) (-0.2)
2 IPW 2 13.4 9.1 11.1 13.1 9.6 11.2 11.7 5.1 3.4 13.5 10.5 12.1
° (-0.6) (-0.8) (-0.7) (-0.1)  (0.0) (0.0) (-3.2) (-5.1) (-8.2) (0.4) (0.8) (1.0)
£ IPW3 12.7 8.5 10.3 12.5 8.9 10.3 11.8 5.6 4.3 12.9 9.7 11.0
~ (-0.3) (-0.4) (-0.3) (-0.1)  (0.0) (0.0) (-2.2) (-3.71) (-6.2) (0.5) (0.7) (0.9)
DR 9.4 6.0 8.8 9.1 5.9 8.6 10.1 5.7 6.5 9.4 6.4 9.0
(0.0) (0.0) (0.1) (0.0) (0.0) (0.1)  (-0.2) (-0.8) (-2.5) (0.6) (0.6) (0.7)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 19.1 10.1 11.2 22.3 12.1 11.1 23.6 13.1 11.6 26.6 15.5 13.1
(0.1) (0.0) (0.0) (-0.3) (-0.6) (-0.5) (-0.1) (-0.4) (-1.3) (-1.2) (-1.0) (-0.2)
2 IPW 2 11.2 4.6 6.3 11.0 5.3 6.3 10.3 2.2 1.6 11.3 5.9 6.9
° (-0.4) (-0.5) (-0.4) (-0.1)  (0.0) (0.0) (-1.8) (-3.0) (-4.8) (0.3) (0.5) (0.6)
£ IPW3 11.5 5.0 6.1 11.4 5.5 6.0 11.1 3.1 2.4 11.6 6.1 6.5
~ (-0.2) (-0.3) (-0.2)  (0.0) (0.0) (0.0) (-1.2) (-2.2) (-3.6) (0.3) (0.4) (0.6)
DR 11.8 5.1 5.9 11.6 5.1 5.7 12.3 4.7 4.5 11.7 5.5 6.1
(0.0) (0.0) (0.0) (0.0) (0.0) (0.1)  (-0.1) (-0.5) (-1.4) (0.4) (0.4) (0.5)

Note: Percentage change which is due to the bias (

bias? (ATE(p)) —bias? (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.
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3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.6: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores with trimming rule

2, fixed valued A

linear nonlinear linear nonlinear

N 100 200 500 100 200 500 100 200 500 100 200 500

homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 24.0 18.0 10.2 24.7 18.5 9.9 25.4 19.0 11.0 30.1 26.1 19.6
(-0.1)  (0.0) (0.1)  (-2.8) (-2.4) (-1.3) (-0.2) (-0.1) (0.1) (-1.9)0 (1.7) (6.9)
= IPwW2 12.0 6.6 2.7 12.5 7.4 4.1 11.2 5.0 1.4 13.7 10.0 8.9
9 (-1.1)  (-1.5)  (-2.0) (-0.3) (-0.1) (0.2) (-2.5) (-3.2) (-3.7) (1.4) (2.8) (5.4)
v IPW3 7.5 4.0 1.2 7.8 4.3 1.9 7.0 3.1 0.7 8.8 6.4 5.9
~ (-0.5)  (-0.7) (-1.0) (-0.2)  (0.0) (0.2)  (-1.3)  (-1.6) (-1.8) (1.2) (2.3)  (4.4)
DR 3.0 1.4 0.1 2.8 1.1 -0.1 3.2 1.4 0.3 3.1 2.0 2.1
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.7) (1.2)  (2.3)

homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 19.2 13.6 6.9 19.9 14.6 7.0 20.2 14.4 7.3 24.2 20.5 13.9
(-0.1)  (0.0) (0.1) (-1.7)  (-1.4) (-0.7) (-0.1)  (0.0) (0.1) (-1.2) (1.2) (4.9
E IPW 2 8.5 4.0 1.9 8.8 5.2 3.2 8.0 3.0 1.1 9.6 6.8 6.1
9 (-0.7)  (-0.9) (-1.2) (-0.2) (-0.1) (0.2) (-1.5) (-1.9) (-2.3) (0.9) (1.7)  (3.3)
v IPW3 7.2 3.6 1.7 7.4 4.2 2.4 6.9 3.0 1.3 8.0 5.5 4.8
~ (-0.3) (-0.4) (-0.6) (-0.1)  (0.0) (0.1) (-0.8) (-0.9) (-1.1) (0.7) (1.4) (2.7)
DR 6.1 3.7 2.1 5.9 3.6 2.2 6.2 3.8 2.1 5.9 4.1 3.5
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.4) (0.7)  (1.4)

homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 19.3 13.9 8.0 18.0 12.4 6.3 18.7 13.0 6.5 23.6 20.1 18.2
(-0.2) (-0.3) (-0.2) (-3.1) (-34) (-3.2) (-1.0) (-1.5) (-1.6) (-1.1) (1.7) (7.2)
g IPW 2 10.2 7.2 4.0 10.0 7.6 4.6 11.8 9.8 8.5 11.6 10.5 8.9
9 (-0.7)  (-0.7)  (-0.8) (-0.3) (-0.3) (-0.2)  (0.4) (1.6) (3.5) (1.7) (2.9) (4.5)
< IPW3 7.2 4.8 2.6 7.0 4.9 2.9 8.3 6.7 5.8 8.3 7.3 6.3
~ (-0.4) (-0.3) (-0.4) (-0.2) (-0.2) (-0.1) (0.5) (1.4) (2.9) (1.5) (2.4) (3.6)
DR 2.6 1.8 0.8 2.6 1.8 0.7 2.8 2.3 1.6 3.1 2.9 2.1
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.3) (0.8) (0.7) (1.2)  (1.4)

homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 15.0 10.1 5.9 14.2 9.2 5.0 14.7 9.4 5.2 18.1 14.2 13.0
(-0.1) (-0.2) (-0.1) (-1.9) (-2.0)0 (-1.9) (-0.7) (-0.9) (-1.0) (-0.7)  (1.3) (4.7)
S]:S IPW 2 6.1 4.6 1.4 5.9 5.0 1.8 7.0 6.2 4.2 6.9 6.8 4.5
9 (-0.4) (-0.4) (-0.5) (-0.2) (-0.2) (-0.1) (0.2) (0.8) (2.2) (1.0) (1.8) (2.7)
v IPW3 5.1 3.9 1.1 4.9 4.1 1.2 5.7 5.0 3.0 5.7 5.5 3.4
~ (-0.2) (-0.2) (-0.2) (-0.1) (-0.1) (-0.1)  (0.3) (0.8) (1.7) (0.9) (1.5)  (2.2)
DR 4.2 3.5 0.9 4.1 3.5 0.8 4.2 3.6 1.4 4.5 4.2 1.5
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.1) (0.1) (0.5) (0.5) (0.8)  (0.9)

homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 21.0 14.6 11.1 23.0 16.0 11.7 22.6 16.3 12.6 26.9 19.6 15.0
(0.0) (0.0) (0.0) (-1.2) (-0.9) (-0.7)  (0.4) (1.1) (1.4) (-1.8) (-0.6) (0.8)
2 IPW 2 10.1 6.4 5.1 10.0 6.9 6.1 7.7 3.2 0.2 10.2 7.5 7.0
9 (-0.6)  (-0.9) (-0.9) (-0.1)  (0.0) (0.0) (-3.2) (-4.2) (-5.6) (0.1) (0.6) (1.0)
v IPW3 6.7 4.3 4.1 6.6 4.6 4.7 5.2 2.3 1.1 6.7 5.0 5.5
~ (-0.3)  (-0.5) (-0.5) (-0.1)  (0.0) (0.0) (-1.9) (-2.4) (-3.3) (0.1) (0.5)  (0.8)
DR 2.4 1.7 2.9 2.2 1.6 3.0 2.7 2.2 3.5 2.1 1.7 3.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.5) (0.6) (0.1) (0.3)  (0.3)

homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 15.1 10.6 7.2 17.0 12.1 7.7 16.4 12.0 8.4 20.5 15.2 10.4
(0.0) (0.0) (0.0) (-0.7) (-0.6) (-0.5) (0.3) (0.7) (0.9) (-1.2) (-0.4) (0.5)
2 IPW 2 6.0 3.2 2.2 6.2 3.9 2.5 4.5 1.3 -0.5 6.3 4.2 3.2
2 (-0.4) (-0.5) (-0.5) (-0.1)  (0.0) (0.0) (-1.9) (-2.4) (-3.2) (0.1) (0.4)  (0.6)
< IPW3 5.1 2.9 2.1 5.2 3.4 2.3 4.2 1.8 0.5 5.3 3.7 2.8
~ (-0.2) (-0.3) (-0.2)  (0.0) (0.0) (0.0) (-1.1) (-1.3) (-1.8) (0.1) (0.3)  (0.5)
DR 4.3 3.0 2.2 4.2 2.9 2.2 4.5 3.4 2.5 4.1 2.9 2.3
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.4) (0.4) (0.1) (0.2)  (0.2)

bias? (ATE(p)) —bias? (ATE(5%))

Note: Percentage change which is due to the bias ( bias2 (ATE(p))+ Var(ATE(5))

) is given in brackets.
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3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.7: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores, MSE(p$)-minimizing

A
linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 55.2 64.1 66.9 55.8 64.9 64.5 55.7 64.9 66.9 62.8 1.7 70.2
(-0.1) (-0.1) (0.0) (-1.6) (-1.3) (-0.6) (-0.1) (-0.2) (0.0) (-1.7)  (-0.7) (0.1)
= IPwW2 23.3 28.6 37.3 23.9 29.2 38.6 23.0 28.7 38.4 23.8 29.0 35.0
9 (-0.8) (-0.5) (-1.2) (-0.1) (-0.2)  (0.0) (-1.9)  (-1.3) (-2.1) (0.1) (-0.1) (-3.1)
v IPW3 11.9 15.3 19.0 12.5 15.8 20.9 11.0 14.8 18.2 12.5 15.4 15.9
~ (-0.3)  (-0.1) (-0.5)  (0.0) (0.0) (0.0) (-0.7)  (-0.3) (-0.9) (0.0) (-0.3)  (-4.6)
DR 13.8 17.6 22.6 14.5 18.4 24.1 13.5 17.6 22.7 14.9 18.3 19.5
(0.1) (0.1) (0.0) (0.0) (0.0) (-0.1)  (0.1) (0.3) (0.1) (-0.7)  (-1.2) (-5.8)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 38.1 50.3 53.0 39.9 52.2 50.4 39.1 51.6 53.3 48.9 61.0 58.0
(-0.1) (-0.1) (0.0) (-1.3) (-1.1) (-0.4) (-0.1) (-0.1) (0.0) (-1.4)  (-0.6) (0.1)
E IPW 2 7.8 15.9 22.8 8.3 16.2 23.0 7.9 16.1 25.0 8.4 16.1 20.3
9 (-0.5)  (-0.3) (-1.0) (-0.1) (-0.1)  (0.0) (-1.2)  (-0.9) (-1.7) (0.1) (0.0) (-2.4)
< IPW3 1.1 6.0 7.0 1.6 6.3 8.4 0.6 5.6 6.9 1.7 6.1 5.1
~ (-0.2) (-0.1) (-0.5)  (0.0) (0.0) (0.0) (-0.4) (-0.2) (-0.7) (0.0) (-0.2) (-3.4)
DR 4.2 8.3 9.4 4.8 8.9 11.3 4.0 8.3 9.4 5.3 8.9 8.7
(0.0) (0.1)  (-0.1)  (0.0) (0.0) (-0.1)  (0.1) (0.2) (0.0) (-0.4) (-0.8) (-4.3)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 47.9 86.0 43.7 41.7 69.1 40.2 46.9 85.3 40.0 46.1 70.0 47.1
(-0.1)  (0.0) (-0.2) (-2.4) (-1.1) (-2.4) (-0.9) (-04) (-3.7) (-2.6) (-0.6) (-0.1)
g IPW 2 20.8 22.0 28.3 21.5 23.4 31.1 21.5 22.7 28.8 20.9 22.5 28.2
9 (-0.9) (-0.7) (-0.4) (-0.2) (-0.2) (-0.2) (-0.6) (-0.1) (-0.1) (0.1) (-0.5) (-2.4)
< IPW3 12.3 11.7 17.1 12.9 12.9 17.9 12.6 11.9 16.5 12.3 11.6 14.0
~ (-0.4) (-0.3) (-0.2)  (0.0) (0.0) (0.2) (0.0) (0.2) (-0.7) (0.0) (-0.8) (-3.3)
DR 12.8 12.8 19.5 13.1 13.3 20.1 12.3 11.7 16.6 11.8 11.1 15.1
(0.0) (0.1) (0.2) (0.0) (0.0) (0.1) (-0.4) (-1.0) (-2.6) (-1.1) (-2.3) (-5.3)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 31.9 78.0 31.0 26.5 55.8 28.4 31.4 77.3 28.7 31.1 57.1 35.0
(0.0) (0.0) (-0.1) (-1.6) (-1.0) (-1.7) (-0.6) (-0.4) (-2.6) (-1.8) (-0.6) (-0.1)
S‘__.) IPW 2 6.4 8.6 15.9 7.0 9.8 18.5 7.0 9.3 16.3 6.5 9.2 16.3
9 (-0.6) (-0.5) (-0.4) (-0.1) (-0.1) (-0.1) (-0.4) (-0.1) (-0.1) (0.1) (-0.3) (-1.8)
v IPW3 1.2 1.7 7.8 1.6 2.5 8.6 1.4 1.9 7.5 1.2 1.6 5.8
~ (-0.3)  (-0.2) (-0.2)  (0.0) (0.0) (0.1) (0.0) (0.1) (-0.4) (0.0) (-0.5)  (-2.4)
DR 1.9 2.7 10.1 2.1 3.1 10.4 1.6 2.0 8.2 1.3 1.7 6.9
(0.0) (0.0) (0.1) (0.0) (0.0) (0.1) (-0.2) (-0.7) (-1.7) (-0.8) (-1.5) (-3.9)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 71.1 55.9 44.6 75.9 61.0 48.2 72.2 57.0 43.7 80.3 67.1 56.7
(0.0) (0.0) (0.4)  (-0.4) (-0.6) (-0.2)  (0.0) (-0.2) (-1.0) (-0.7) (-0.8) (-0.2)
2 IPW 2 20.3 23.0 29.7 21.3 24.1 29.1 17.8 19.7 24.9 21.3 24.2 28.8
2 (-1.1)  (-0.8) (-0.9) (-0.1) (-0.1)  (0.2) (-4.5)  (-4.9) (-7.7) (0.0) (0.0) (-0.2)
< IPW3 11.4 12.8 15.7 12.1 13.6 16.4 8.6 9.2 8.9 12.2 13.6 15.7
~ (-0.6) (-0.4) (-0.6)  (0.0) (0.0) (0.1) (-3.2)  (-3.8) (-7.1) (0.0) (0.0) (-0.5)
DR 12.7 14.9 17.9 13.1 15.2 18.5 12.4 14.3 15.2 13.8 15.8 18.3
(0.0) (0.0) (0.2) (0.0) (0.0) (0.0) (-0.2)  (-0.6) (-2.3) (0.0) (-0.1) (-1.0)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 57.0 42.1 29.6 64.1 48.3 33.7 59.0 43.7 29.2 71.2 56.5 43.8
(0.0) (0.0) (0.3)  (-0.3)  (-0.5) (-0.1)  (0.0) (-0.1) (-0.9) (-0.6) (-0.7) (-0.1)
2 IPW 2 7.4 12.3 17.8 7.9 12.8 16.9 6.0 10.5 15.4 8.0 12.9 16.8
9 (-0.6) (-0.5) (-0.7)  (0.0)  (-0.1)  (0.1) (-2.8) (-3.1) (-5.5) (0.0) (0.0) (-0.2)
v IPW3 2.9 5.9 6.8 3.3 6.2 7.2 1.3 3.8 2.6 3.4 6.3 6.9
~ (-0.3)  (-0.2) (-0.5)  (0.0) (0.0) (0.1) (-1.9)  (-2.3) (-4.8) (0.0) (0.0) (-0.4)
DR 6.9 8.7 8.4 7.1 8.9 9.5 6.7 8.5 6.4 7.5 9.3 9.8
(0.0) (0.0) (0.1) (0.0) (0.0) (0.0) (-0.1) (-0.3) (-1.7) (0.0) (0.0) (-0.7)

Note: Percentage change which is due to the bias (

bias? (ATE(p)) —bias? (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.

113



3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.8: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores with trimming rule
1, MSE(p$)-minimizing A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 28.6 18.1 18.6 30.4 17.0 18.1 35.4 23.2 22.2 34.7 20.9 24.1
(-0.1)  (-0.2)  (0.1) (-2.6) (-3.2) (-1.5) (-0.1) (-0.3) (0.0) (-3.4) (-2.4) (1.7
- IPW 2 17.2 10.7 9.5 17.8 10.8 11.7 16.7 10.6 9.5 19.4 12.5 10.0
o (-1.3)  (-0.8) (-1.7) (-0.2) (-0.3) (0.0) (-2.8) (-2.0) (-3.1) (1.4) (1.0)  (-1.6)
s IPW3 16.5 8.8 8.3 16.8 8.8 9.5 16.6 9.3 8.6 18.1 10.2 7.1
~ (-0.6) (-0.3) (-0.9) (-0.1) (-0.2) (0.0) (-1.4) (-0.8) (-1.6) (1.3) (0.9) (-2.2)
DR 12.5 4.8 7.4 12.1 4.9 7.3 13.2 5.7 8.7 12.8 5.4 3.4
(0.0) (0.0) (-0.1) (0.0) (0.0) (-0.1)  (0.0) (0.0) (-0.1) (1.0) (0.2)  (-3.9)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 21.6 11.7 9.5 23.2 11.2 9.3 26.4 15.2 12.7 26.7 14.3 14.1
(-0.1) (-0.1) (0.0) (-1.7) (-2.0) (-0.9) (-0.1) (-0.2) (0.0) (-2.3) (-1.6) (1.2)
E IPW 2 12.4 5.3 2.8 12.8 5.5 4.0 12.2 5.3 3.5 13.8 6.6 2.8
o (-0.7)  (-0.5) (-1.2) (-0.2) (-0.2) (0.0) (-1.6) (-1.2) (-2.2) (0.7) (0.6) (-1.3)
'*g IPW 3 13.3 4.9 2.6 13.4 5.0 3.4 13.3 5.2 3.4 14.2 5.9 1.7
~ (-0.3) (-0.2) (-0.7) (-0.1) (-0.1) (0.0) (-0.8) (-0.5) (-1.1)  (0.7) (0.5)  (-1.7)
DR 13.4 3.9 2.3 13.2 4.1 2.4 13.8 4.3 3.5 13.5 4.5 -0.2
(0.0) (0.0)  (-0.1) (0.0) (0.0)  (-0.1)  (0.0) (0.0) (-0.1) (0.5) (0.1) (-2.8)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 24.1 16.0 13.8 24.4 13.8 10.1 28.5 17.7 11.4 28.4 17.8 15.9
(-0.1)  (-0.2) (-04) (-3.1) (-3.2) (-3.6) (-1.1) (-22) (-5.3) (-27) (-0.7) (1.0)
S]:S IPW 2 15.2 9.8 8.7 15.7 9.8 9.3 16.3 11.4 10.1 17.1 11.1 7.9
° (-1.1)  (-0.9) (-0.5) (-0.3) (-0.3) (-0.2) (-0.9) (-0.2)  (0.1) (1.2) (0.8)  (-2.0)
s IPW3 14.7 8.8 7.5 15.0 8.6 7.7 15.8 10.0 7.9 16.2 9.3 5.5
~ (-0.6) (-0.5) (-0.2) (-0.2) (-0.1) (-0.1) (-0.3) (0.1) (-0.5) (1.1) (0.5)  (-2.6)
DR 11.2 5.3 5.8 11.0 5.4 5.7 11.4 4.8 3.7 11.0 4.6 1.1
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.2) (-0.9) (-2.8) (0.4) (-0.8) (-4.7)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 18.9 11.1 8.0 19.1 9.5 5.7 22.1 12.5 6.6 21.8 12.0 9.5
(-01)  (-0.1) (-0.2) (-1.8) (-21) (-2.2) (-0.7) (-1.4) (-3.3) (-L.7) (-0.6) (0.6)
g IPW 2 10.4 5.3 3.4 10.5 5.0 3.9 11.2 6.6 4.4 11.3 5.6 3.0
° (-0.6) (-0.5) (-0.4) (-0.1) (-0.2) (-0.1) (-0.5) (-0.1)  (0.1) (0.7) (0.5)  (-1.5)
'*g IPW 3 10.6 5.1 2.9 10.6 4.8 3.2 11.3 6.1 3.2 11.2 5.1 1.7
~ (-0.4) (-0.3) (-0.2) (-0.1) (-0.1) (0.0) (-0.2) (0.1) (-0.2)  (0.6) (0.3) (-1.9)
DR 9.6 4.0 2.6 9.5 4.1 2.6 9.8 3.9 1.2 9.4 3.5 -0.4
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.5) (-1.6) (0.2) (-0.5) (-3.2)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 26.8 15.9 13.7 30.4 16.9 14.0 33.0 20.1 14.3 34.7 19.4 16.9
(0.1) (0.1) (0.0) (-1.1) (-1.3)  (-0.9) (-0.2) (-0.5) (-2.1) (-2.8) (-2.5) (-0.9)
“C.\]? IPW 2 15.1 9.8 9.6 15.6 10.1 10.9 12.6 5.8 1.6 16.0 10.7 11.4
o (-1.2)  (-1.0) (-1.3) (-0.1) (-0.1) (0.0) (-4.6) (-5.7) (-9.8)  (0.6) (0.6) (0.3)
£ IPW3 14.9 8.8 8.5 15.1 9.0 9.3 13.4 6.0 1.8 15.5 9.6 9.6
~ (-0.7)  (-0.5)  (-0.7)  (0.0) (0.0) (0.0) (-3.1) (-4.0)0 (-7.5) (0.6) (0.5) (0.2)
DR 11.7 5.6 7.0 11.4 5.7 7.4 12.2 5.4 4.1 11.5 6.2 7.4
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.2) (-0.7) (-3.0) (0.7) (0.5)  (-0.2)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 19.7 11.1 8.2 22.5 12.0 8.6 24.0 14.1 9.1 26.3 14.3 11.2
(0.1) (0.0) (0.0) (-0.7) (-0.9) (-0.5) (-0.1) (-0.3) (-1.5) (-1.9) (-1.7) (-0.6)
2 IPW 2 11.1 5.7 4.4 11.3 5.7 4.9 9.6 3.5 -0.2 11.6 6.1 5.1
° (-0.7) (-0.6) (-0.8) (0.0) (-0.1) (0.0) (-2.6) (-3.3) (-6.3) (0.3) (0.3) (0.2)
'*;’:3 IPW 3 11.8 5.8 4.0 11.9 5.8 4.4 10.9 4.3 0.3 12.1 6.2 4.5
~ (-0.4) (-0.3) (-0.5)  (0.0) (0.0) (0.0) (-1.8) (-2.3) (-4.8) (0.3) (0.3) (0.1)
DR 12.6 5.7 3.6 12.4 5.8 3.9 12.9 5.6 2.2 12.5 6.1 3.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.4) (-2.0) (0.4) (0.3) (-0.2)

Note: Percentage change which is due to the bias (

bias2 (ATE(p)) —bias2 (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.
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3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.9: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores with trimming rule

2, MSE(p? )-minimizing A

linear nonlinear linear nonlinear

N 100 200 500 100 200 500 100 200 500 100 200 500

homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 24.6 14.4 12.4 24.6 13.3 13.0 25.7 15.0 13.4 29.4 19.6 23.1
(-0.1) (-0.3) (0.1) (-3.1) (-3.6) (-1.5) (-0.2) (-0.5) (0.1) (-2.3) (-0.6) (6.5)
- IPW 2 12.4 7.5 3.6 13.2 7.6 5.5 11.1 6.7 2.0 14.5 9.8 9.5
o (-1.4)  (-0.7) (-1.8) (-0.3) (-0.4) (0.1) (-3.2) (-2.0)0 (-34) (1.6) (2.1) (4.6)
< IPW3 8.7 4.3 2.3 9.0 4.3 3.3 7.9 3.9 1.5 10.2 6.1 6.7
~ (-0.7)  (-0.3) (-0.9) (-0.2) (-0.2) (0.1) (-1.7) (-0.9) (-1.6) (1.4) (1.7)  (3.8)
DR 4.0 0.9 1.6 3.7 1.0 1.2 4.1 0.9 1.8 4.0 1.8 2.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.8) (0.8) (1.9)

homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 18.3 11.0 9.2 18.7 10.7 9.7 19.2 11.4 9.9 22.5 15.2 17.0
(-0.1) (-0.2) (0.1) (-1.9) (-2.2) (-0.8) (-0.1) (-0.3) (0.1) (-1.6) (-0.4) (4.5)
E IPW 2 7.3 4.6 1.9 7.8 5.1 2.9 6.7 4.2 1.0 8.6 6.5 5.5
5 (-0.7)  (-0.4) (-1.2) (-0.2) (-0.2) (0.1) (-1.7) (-1.2) (-2.2) (0.9) (1.3) (2.8)
v IPW3 6.5 3.7 1.6 6.7 4.0 2.1 6.1 3.5 1.1 7.4 5.1 4.2
~ (-0.4) (-0.2) (-0.6) (-0.1) (-0.1) (0.1) (-0.9) (-0.5) (-1.1)  (0.8) (1.0)  (2.2)
DR 6.1 3.4 1.6 5.9 3.5 1.3 6.2 3.4 1.6 6.1 4.0 2.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.4) (0.5)  (1.0)

homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 21.5 13.4 9.4 20.0 11.7 7.3 21.3 12.7 7.5 24.8 19.1 20.3
(-0.1) (-0.2) (-0.4) (-3.3) (-3.3) (-3.8) (-0.7) (-1.3) (-2.6) (-1.8) (1.7) (7.6)
S]'.B IPW 2 10.4 6.1 2.8 10.8 6.7 3.0 11.7 8.6 6.8 12.5 9.4 8.4
o (-1.1)  (-1.0) (-0.6) (-0.3) (-0.3) (-0.4) (-0.3)  (1.3) (3.3) (2.0) (3.0) (5.5)
< IPW3 7.1 3.8 1.0 7.3 4.2 1.0 8.1 5.7 3.8 8.8 6.4 5.6
~ (-0.7)  (-0.5) (-0.2) (-0.2) (-0.2) (-0.3)  (0.1) (1.3) (2.5) (1.8) (2.5)  (4.7)
DR 2.5 1.0 -1.0 2.4 1.1 -1.3 2.9 1.6 -0.6 2.9 1.9 1.0
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.4) (0.1) (0.9) (1.1)  (2.5)

homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 16.0 9.8 6.5 15.2 8.7 5.3 16.1 9.4 5.4 18.5 13.6 14.1
(-0.1)  (-0.1) (-0.2) (-1.9) (-2.1) (-2.2) (-04) (-0.8) (-1.6) (-1.1) (1.0) (5.3)
g IPW 2 6.2 3.0 1.2 6.4 3.3 1.5 7.0 4.5 3.7 7.4 5.0 4.9
9 (-0.7)  (-0.5) (-0.4) (-0.2) (-0.2) (-0.2) (-0.2)  (0.8) (2.0) (1.2) (1.7)  (3.5)
< IPW3 5.2 2.3 0.7 5.3 2.5 0.8 5.8 3.5 2.4 6.1 3.8 3.7
~ (-0.4) (-0.3) (-0.2) (-0.1) (-0.1) (-0.1) (0.1) (0.8) (1.5) (1.0) (1.5)  (3.0)
DR 4.6 2.1 0.6 4.5 2.1 0.5 4.9 2.4 0.8 4.8 2.6 1.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.1) (0.3) (0.1) (0.5) (0.6) (1.5)

homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 21.2 13.9 9.1 23.3 15.4 10.0 23.2 15.8 10.4 27.2 18.9 13.3
(0.0) (0.0) (0.0) (-1.5) (-1.5) (-1.0)  (0.9) (1.1) (1.3)  (-2.5)  (-1.8)  (0.0)
‘*C.\]':’ IPW 2 8.1 5.7 2.9 9.0 6.9 4.5 5.2 2.2 -2.3 9.2 7.4 5.6
5 (-1.4)  (-1.1)  (-1.3) (-0.1) (-0.1)  (0.0) (-4.8) (-4.8) (-6.4) (0.3)  (0.5) (1.2
'*g IPW 3 5.4 3.5 2.0 5.9 4.1 2.8 3.6 1.4 -1.2 6.0 4.5 3.7
~ (-0.8) (-0.6) (-0.7) (0.0) (-0.1) (0.0) (-2.9) (-2.8) (-3.6) (0.3) (0.5)  (1.0)
DR 1.1 0.7 0.9 0.9 0.7 0.8 1.7 1.3 1.6 0.7 0.8 1.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.4) (0.5) (0.8) (0.2) (0.2)  (0.5)

homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 15.6 10.3 6.7 17.2 11.5 7.6 17.1 11.7 7.7 20.5 14.4 10.3
(0.0) (0.0) (0.0) (-1.0) (-1.0) (-0.6) (0.5) (0.7) (0.8) (-1.7) (-1.2) (0.1)
2 IPW 2 5.1 3.0 1.5 5.5 3.6 2.5 3.5 1.1 -1.8 5.6 4.0 3.1
° (-0.8) (-0.6) (-0.8) (0.0) (-0.1) (0.0) (-2.7) (-2.7) (-4.0) (0.1) (0.3)  (0.7)
'*;’:3 IPW 3 4.6 2.6 1.6 4.8 2.8 2.0 3.6 1.5 -0.4 4.8 3.2 2.6
~ (-0.4) (-0.3) (-0.4)  (0.0) (0.0) (0.0) (-1.6) (-1.6) (-2.3) (0.1) (0.3)  (0.6)
DR 4.1 2.4 1.6 3.9 2.4 1.5 4.3 2.9 1.9 3.8 2.6 1.7
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.3) (0.4) (0.1) (0.2)  (0.3)

bias2 (ATE(p)) —bias2 (ATE(5%))

Note: Percentage change which is due to the bias ( bias2 (ATE (D)) + Var(ATE(5))

) is given in brackets.
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3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.10: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores, data-driven A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 55.4 56.9 81.3 53.5 53.4 73.0 55.4 56.8 80.8 58.9 59.1 73.5
(0.0) (0.1) (0.1) (0.0) (0.2) (0.1) (0.0) (0.2) (0.1) (0.4) (0.6)  (-0.6)
E IPW 2 18.2 24.1 41.0 19.4 22.7 36.9 18.9 25.5 42.0 18.5 21.4 32.9
9 (0.1) (0.0) (0.1) (0.1) (0.2) (0.0) (0.1) (0.1) (0.3) (-0.6) (-0.9) (-3.8)
< IPW3 9.0 10.5 18.0 9.8 10.8 18.8 9.1 10.5 17.6 8.9 9.4 13.8
~ (0.1) (0.1) (0.4) (0.1) (0.3) (0.0) (0.3) (0.3) (0.7)  (-0.8) (-1.2) (-5.0)
DR 13.0 14.4 22.4 13.8 15.1 23.8 13.2 14.4 22.0 13.6 14.6 20.4
(0.0) (0.2) (0.0) (0.0) (0.0) (0.0) (0.1) (0.4) (0.1)  (-1.2) (-1.9) (-4.8)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 39.2 41.9 1.7 37.6 38.8 61.4 39.6 42.2 71.5 45.0 46.3 63.4
(0.0) (0.1) (0.1)  (-0.1) (0.2) (0.1) (0.0) (0.1) (0.1) (0.3) (0.5)  (-0.6)
= IPW2 6.0 10.5 24.9 6.3 9.0 21.9 6.8 11.7 26.6 5.9 8.2 18.7
9 (0.1) (0.0) (0.1) (0.0) (0.1) (0.0) (0.2) (0.0) (0.2) (-0.3) (-0.6) (-2.9)
v IPW3 -0.8 0.0 6.8 -0.6 0.0 7.8 -0.6 -0.1 6.8 -0.9 -0.8 4.2
~ (0.1) (0.0) (0.2) (0.1) (0.2) (0.0) (0.3) (0.2) (0.4)  (-0.4) (-0.8) (-3.5)
DR 1.8 2.7 10.0 2.4 3.2 11.6 2.0 2.7 9.9 2.6 3.1 9.4
(0.0) (0.2) (0.0) (0.0) (0.0) (0.0) (0.1) (0.3) (0.1) (-0.7) (-1.3) (-3.5)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 35.8 39.6 35.3 324 36.2 28.3 34.1 37.9 32.6 36.1 41.2 27.8
(0.0) (0.0) (0.0) (-1.0) (-0.5) (-0.1) (-0.8) (-1.3) (-1.9) (-0.2) (-0.1) (-3.5)
S]'.S IPW 2 18.5 23.3 20.9 20.0 24.1 21.1 19.1 23.5 20.5 18.8 21.7 12.8
o (-0.1)  (-0.1) (-0.1)  (0.0) (0.1) (0.0) (0.2)  (-0.1) (-1.1) (-0.3) (-1.7) (-7.5)
v IPW3 10.8 12.9 10.7 11.3 13.8 11.5 11.0 12.1 9.4 10.0 11.1 2.1
~ (0.0) (0.0) (0.0) (0.1) (0.2) (0.1) (0.3)  (-0.2) (-1.2) (-0.4) (-2.1) (-8.5)
DR 13.0 16.2 13.7 13.4 16.6 14.0 12.4 14.6 11.7 11.8 13.7 4.7
(0.0) (0.1) (0.0) (0.0) (0.0) (0.0) (-0.6) (-1.1) (-2.3) (-1.5) (-3.1) (-9.1)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 20.2 23.9 19.7 17.6 21.2 13.8 19.2 23.0 17.8 21.3 26.5 14.6
(0.0) (0.0) (0.0) (-0.7) (-0.3) (0.0) (-0.7) (-1.0) (-1.4) (-0.2) (-0.1) (-2.7)
g IPW 2 4.6 9.0 6.7 5.9 9.8 7.6 5.2 9.3 6.5 5.2 8.2 2.0
9 (-0.1)  (-0.1) (-0.1)  (0.0) (0.1) (0.0) (0.2)  (-0.1) (-0.7) (-0.2) (-1.1) (-5.2)
v IPW3 -0.6 1.5 -1.1 -0.2 2.2 0.1 -0.5 1.1 -2.1 -0.9 0.4 -6.0
~ (0.0) (0.0) (0.0) (0.0) (0.1) (0.0) (0.2) (-0.1) (-0.8) (-0.2) (-1.3) (-5.8)
DR 0.3 3.3 1.0 0.6 3.7 1.2 -0.1 2.4 -0.3 -0.2 1.8 -5.0
(0.0) (0.1) (0.0) (0.0) (0.0) (0.0) (-0.4) (-0.8) (-1.5) (-0.9) (-1.9) (-6.3)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 48.8 41.4 37.6 56.1 46.3 42.1 50.4 42.1 35.7 64.1 53.5 50.1
(0.1) (0.2) (0.0) (-0.1) (0.1) (0.1) (0.0) (0.1) (-2.2) (0.0 (0.4) (0.0)
2 IPW 2 16.9 19.1 24.5 17.8 20.0 24.8 15.6 18.2 22.6 17.7 20.2 24.1
9 (-0.2)  (0.0) (0.0) (0.0) (0.0) (0.0) (-2.1) (-1.7) (-3.8) (0.0) (0.1)  (-0.8)
= IPW3 9.7 10.2 13.8 10.2 10.8 14.3 8.1 8.4 9.1 10.1 11.1 13.4
~ (-0.1)  (0.0) (0.1) (0.0) (0.0) (0.0) (-1.8) (-1.5) (-4.1) (-0.1) (0.1) (-1.0)
DR 12.6 13.0 17.4 12.8 13.5 18.1 12.7 12.7 14.3 13.2 14.3 18.0
(0.0) (0.2) (0.0) (0.0) (0.0) (0.1) (-0.2) (0.0) (-3.1) (-0.1) (-0.1) (-0.9)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 33.4 27.5 23.4 41.7 33.0 28.3 35.6 28.6 22.4 52.1 41.6 37.7
(0.0) (0.1) (0.0) (-0.1)  (0.0) (0.1) (0.0) (0.0) (-1.7)  (0.0) (0.3) (0.0)
2 IPW 2 6.3 7.8 13.0 6.8 8.2 13.7 5.9 74 12.4 6.8 8.4 13.4
o (-0.1)  (0.0) (0.0) (0.0) (0.0) (0.0) (-1.2) (-1.1) (-2.6) (0.0) (0.0)  (-0.5)
v IPW3 2.0 1.4 5.9 2.1 1.8 6.6 1.2 0.4 3.2 2.1 2.1 6.1
~ (0.0) (0.0) (0.1) (0.0) (0.0) (0.0) (-1.0) (-0.9) (-2.6) (0.0) (0.0)  (-0.6)
DR 5.8 4.3 8.8 5.9 4.6 9.7 6.0 4.2 6.9 6.2 5.3 9.9
(0.0) (0.1) (0.0) (0.0) (0.0) (0.0) (-0.1) (0.0) (-2.00 (0.0) (-0.1) (-0.5)

Note: Percentage change which is due to the bias (

bias2 (ATE(p)) —bias2 (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.
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3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Table 3.A.11: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores with trimming rule

1, data-driven A

linear nonlinear linear nonlinear
N 100 200 500 100 200 500 100 200 500 100 200 500
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 14.5 11.2 8.8 17.6 13.4 7.5 22.1 16.5 11.9 21.6 16.6 7.1
(0.0) (0.0) (0.0) (-0.3) (-0.3)  (0.0) (0.0) (-0.1)  (0.0) (0.2) (0.2) (-1.9)
= IPwW2 8.8 6.7 7.7 8.3 7.6 7.4 9.9 7.2 9.6 9.2 8.6 4.8
° (-0.3)  (0.0) (0.0) (0.0) (-0.1) (-0.1) (-0.6) (-0.1)  (0.0) (1.0) (0.1)  (-3.1)
s IPW3 9.9 7.6 7.2 9.7 8.2 7.2 11.1 8.2 8.6 10.4 8.9 4.4
~ (-0.2)  (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.4) (0.0) (0.0) (0.9) (0.0) (-3.1)
DR 8.3 6.7 6.2 8.0 6.4 6.6 9.4 7.7 7.4 8.2 6.6 3.9
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.7)  (-0.1) (-3.1)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 11.4 7.6 3.9 13.5 9.0 3.1 16.3 11.0 6.6 16.5 11.5 2.6
(0.0) (0.0) (0.0) (-0.3) (-0.2)  (0.0) (0.0) (0.0) (0.0) (0.1) (0.1)  (-1.5)
E IPW 2 7.5 4.9 3.7 7.4 5.3 3.8 8.2 5.1 5.7 8.1 6.0 1.7
° (-0.1)  (0.0) (0.0) (0.0) (0.0) (0.0) (-0.3) (-0.1)  (0.0) (0.6) (0.0) (-2.1)
£ IPW3 8.5 5.4 3.8 8.5 5.6 4.0 9.2 5.6 5.3 9.1 6.1 1.8
~ (-0.1)  (0.0) (0.0) (0.0) (0.0) (0.0) (-0.2)  (0.0) (0.0) (0.5) (0.0) (-2.1)
DR 8.9 5.0 3.5 8.8 4.9 3.9 9.5 5.4 4.8 9.1 5.1 1.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.4) (-0.1) (-2.1)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 16.6 9.4 7.9 17.8 9.9 6.7 21.4 12.2 7.7 21.3 12.2 3.2
(0.0) (-0.1) (0.1) (-1.2) (-0.7) (0.0) (-1.0) (-1.8) (-2.7) (0.5) (1.3)  (-2.1)
g IPW 2 12.7 7.1 7.1 12.1 7.4 7.7 14.1 8.1 7.2 13.2 7.4 2.1
° (-0.3) (-0.1) (-0.1) (-0.1)  (0.0) (0.1) (0.0) (-0.2) (-1.4) (1.0) (-0.5) (-5.3)
£ IPW3 13.2 7.5 5.8 12.8 7.6 6.2 14.4 8.1 5.5 13.7 7.2 0.2
~ (-0.2) (-0.1) (0.0) (-0.1)  (0.0) (0.1) (0.0) (-0.3) (-1.6) (1.0) (-0.6) (-5.6)
DR 10.6 5.8 4.9 10.5 5.8 4.9 10.6 5.1 3.5 10.6 4.5 -2.0
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.5) (-1.2) (-2.5) (0.5) (-1.2) (-6.4)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 12.2 4.8 1.0 12.7 5.3 0.4 15.3 6.8 0.9 14.7 7.0 -1.7
(-0.1)  (0.0) (0.1) (-0.8) (-0.4) (0.0) (-0.7) (-1.1) (-1.7) (0.2) (0.8) (-1.4)
S]:S IPW 2 9.1 2.6 0.8 8.4 3.0 1.8 10.0 3.2 0.9 9.0 3.1 -1.5
° (-0.1)  (-0.1)  (0.0)  (-0.1)  (0.0) (0.1) (0.0) (-0.1) (-0.8) (0.5) (-0.3) (-3.4)
s IPW3 9.5 3.0 0.0 9.1 3.3 0.7 10.3 3.4 -0.3 9.6 3.1 -2.9
~ (-0.1)  (0.0) (0.0)  (-0.1) (0.0) (0.0) (0.0) (-0.2) (-1.0) (0.5) (-0.3) (-3.5)
DR 8.7 2.3 -0.2 8.7 2.3 -0.1 8.7 2.0 -1.2 8.7 1.6 -4.2
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.3) (-0.7) (-1.6) (0.2) (-0.7) (-4.0)
homogeneous, homoscedastic heterogeneous, homoscedastic
IPW 1 16.4 10.1 7.1 20.6 12.5 8.0 22.9 14.6 6.9 25.4 15.8 10.4
(0.1) (0.1) (0.0) (-0.3) (-0.1) (0.0) (-0.2) (-0.3) (-3.3) (-0.7) (-0.3) (-0.2)
2 IPW 2 9.7 6.1 6.7 9.4 6.0 6.6 8.7 4.9 3.5 9.9 6.7 6.4
° (-0.4) (0.0) (-0.1) (0.0) (-0.1) (0.0) (-2.2) (-1.8) (-4.7) (0.6) (0.4)  (-0.1)
£ IPW3 10.5 6.3 5.9 10.3 6.3 6.0 9.9 5.6 2.3 10.7 6.9 5.7
~ (-0.3)  (0.0) (-0.1) (0.0) (-0.1) (0.0) (-1.8) (-1.5) (-4.5) (0.6) (0.4) (-0.2)
DR 8.1 5.0 4.9 7.9 4.8 5.2 8.5 5.5 2.4 8.2 5.2 5.1
(0.0) (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.3) (-0.5) (-3.5) (0.6) (0.5)  (-0.1)
homogeneous, heteroscedastic heterogeneous, heteroscedastic
IPW 1 13.4 6.7 3.1 16.4 8.3 3.9 17.8 9.7 3.4 20.3 11.0 5.8
(0.0) (0.0) (0.0) (-0.2) (-0.1) (0.0) (-0.1) (-0.2) (-2.1) (-0.5) (-0.2) (-0.1)
2 IPW 2 8.5 4.4 3.4 8.5 4.2 3.5 8.0 3.8 2.0 8.8 4.6 3.5
° (-0.2)  (0.0) (-0.1) (0.0) (-0.1) (0.0) (-1.2) (-1.0) (-2.8) (0.3) (0.3) (0.0)
£ IPW3 9.4 4.6 3.2 9.4 4.5 3.5 9.2 4.2 1.5 9.7 4.9 3.4
~ (-0.1)  (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.9) (-0.8) (-2.7) (0.3) (0.3) (0.0)
DR 9.9 4.3 3.0 9.8 4.1 3.4 10.2 4.5 1.9 10.1 4.4 3.4
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (-0.1) (-0.3) (-2.0) (0.4) (0.3) (0.0)

Note: Percentage change which is due to the bias (

bias? (ATE(p)) —bias? (ATE(5%))

bias2 (ATE(p))+ Var(ATE(p))

) is given in brackets.
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Table 3.A.12: Percentage improvement in MSE for the ATE if the shrunken propensity scores
are used with trimming rule 2 instead of the conventional propensity scores with trimming rule

2, data~driven A

linear nonlinear

linear nonlinear

N 100 200 500 100 200 500 100 200 500 100 200

500

homogeneous, homoscedastic

heterogeneous, homoscedastic

IPW 1 11.5 7.2 2.2 13.0 8.5 3.6 12.2 7.6 2.4 17.9 13.3

(0.0) (-0.1) (0.0) (-0.4) (-0.6) (-0.1) (0.0) (-0.1)  (0.0) (1.8) (2.1)

= IPwW2 4.9 3.3 1.0 5.0 3.2 1.4 4.9 3.2 1.1 5.9 4.3
9 (-0.4)  (0.0) (0.0) (0.0) (-0.1) (-0.1) (-0.9) (-0.1)  (0.0) (1.1) (1.0)
< IPW3 2.6 1.8 0.6 2.7 1.8 0.8 2.5 1.6 0.5 3.4 2.6
~ (-0.3)  (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.6) (-0.1) (0.0) (0.9) (0.8)
DR 0.5 0.8 0.4 0.3 0.6 0.3 0.6 0.7 0.4 0.5 0.8
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.4) (0.4)

homogeneous, heteroscedastic heterogeneous, heteroscedastic

IPW 1 8.2 5.3 2.6 9.4 6.2 3.2 8.7 5.5 2.7 13.1 9.7
(0.0) (0.0) (0.0) (-0.4) (-0.3) (0.0) (0.0)  (-0.1)  (0.0) (1.1) (1.4)

- IPW 2 2.6 2.1 1.4 2.7 2.2 1.3 2.5 2.0 1.5 3.3 2.8
; (-0.2)  (0.0) (0.0) (0.0) (-0.1) (0.0) (-0.4) (-0.1) (0.0 (0.6) (0.6)
£ IPW3 2.0 1.6 1.1 2.1 1.7 1.0 1.9 1.5 1.1 2.5 2.2
~ (-0.1)  (0.0) (0.0) (0.0) (0.0) (0.0) (-0.3)  (0.0) (0.0) (0.5) (0.4)
DR 1.8 1.7 1.1 1.7 1.5 1.0 1.8 1.6 1.1 1.8 1.6
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.2)

homogeneous, homoscedastic heterogeneous, homoscedastic

IPW 1 12.6 6.0 2.7 12.3 5.7 2.3 12.3 5.4 1.9 16.8 10.6
(-0.1) (-0.1) (0.0) (-1.3) (-0.7) (0.0) (-0.4) (-0.6) (-0.5) (1.3) (3.3)

' IPW 2 6.5 3.1 2.3 6.2 2.9 1.9 7.8 4.8 4.2 7.4 4.3
°§ (-0.3)  (-0.2) (-0.2) (-0.2) (-0.1)  (0.0) (0.8) (1.3) (1.3) (1.4) (1.6)
£ IPW3 4.2 1.6 1.4 4.1 1.6 1.2 5.1 2.6 2.6 5.0 2.7
~ (-0.2) (-0.1) (-0.1) (-0.1)  (0.0) (0.0) (0.6) (0.9) (0.8) (1.2) (1.3)
DR 1.2 0.1 0.6 1.0 0.1 0.6 1.4 0.1 0.7 1.3 0.5
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.1) (0.1) (0.5) (0.5)

homogeneous, heteroscedastic heterogeneous, heteroscedastic

IPW 1 8.8 4.4 2.2 8.5 4.3 1.8 8.7 4.1 1.8 11.2 7.2
(0.0) (0.0) (0.0) (-0.8) (-0.4) (0.0) (-0.2) (-0.3) (-0.3) (0.7) (1.9)

S]:S IPW 2 3.6 1.9 1.5 3.3 1.9 0.9 4.5 3.0 2.7 3.9 2.6
o (-0.1)  (-0.1) (-0.1) (-0.1)  (0.0) (0.0) (0.5) (0.8) (0.8) (0.8) (0.8)
s IPW3 2.9 1.4 1.0 2.7 1.4 0.6 3.4 2.0 1.8 3.2 1.9
~ (-0.1)  (-0.1) (-0.1) (-0.1)  (0.0) (0.0) (0.4) (0.5) (0.5) (0.6) (0.7)
DR 2.4 1.2 0.5 2.3 1.2 0.6 2.5 1.2 0.7 2.4 1.4
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.1) (0.1) (0.1) (0.2) (0.2)

homogeneous, homoscedastic heterogeneous, homoscedastic

IPW 1 12.9 7.0 4.1 14.9 8.3 5.6 14.3 7.9 5.1 18.8 11.4
(0.0) (-0.1) (0.1) (-0.5) (-0.6) (0.2) (0.7) (0.4) (0.9) (-0.1) (-0.1)

@ IPW 2 5.4 3.3 2.1 5.4 2.8 1.7 4.1 2.2 0.9 5.6 3.1
2 (-0.5)  (0.1) (-0.1) (0.0) (-0.1) (0.0) (-2.1) (-1.3) (-1.5) (0.3)  (0.2)
£ IPW3 3.3 2.0 1.1 3.3 1.8 0.9 2.5 1.3 0.4 3.5 2.0
~ (-0.3)  (0.0) (-0.1) (0.0) (-0.1) (0.0) (-1.3) (-0.8) (-0.9) (0.3) (0.1)
DR 0.6 0.5 0.4 0.4 0.4 0.3 0.9 0.8 0.6 0.3 0.4
(0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.3) (0.2) (0.4) (0.1) (0.1)

homogeneous, heteroscedastic heterogeneous, heteroscedastic

IPW 1 9.0 6.0 2.7 10.5 6.9 3.7 10.0 6.7 3.3 13.6 9.1
(0.0) (-0.1) (0.0) (-0.4) (-0.4) (0.1) (0.4) (0.2) (0.5)  (-0.2) (-0.1)

®  IPW 2 2.5 2.5 1.1 2.5 2.1 0.9 1.9 1.9 0.4 2.7 2.3
2 (-0.2)  (0.0) (-0.1) (0.0) (-0.1) (0.0) (-1.2) (-0.7) (-1.0) (0.2) (0.1)
£ IPW3 2.1 2.1 0.6 2.1 1.8 0.5 1.6 1.7 0.1 2.2 1.9
~ (-0.1)  (0.0) (0.0) (0.0) (0.0) (0.0) (-0.7) (-0.4) (-0.6)  (0.1) (0.1)

DR 1.8 1.7 0.5 1.7 1.6 0.5 2.0 1.9 0.6 1.7 1.6
0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.2) (0.1) (0.1) (0.1) (0.0

bias? (ATE(p)) —bias? (ATE(5%))

Note: Percentage change which is due to the bias ( bias2 (ATE(p))+ Var(ATE(5))

) is given in brackets.
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Appendix 3.B Figures

Figure 3.B.1: Individual MSE minimizing As for n =100, § = 1, ¢ = 2,
v =—0.3, K = 0.8 and ma(q).

n =100

Note: For each individual the average is taken over 10000 Monte Carlo samples.

Figure 3.B.2: Individual MSE minimizing As for n = 200, § = 1, ¢ = 2,
v =—0.3, Kk = 0.8 and ma(q).

n =200

Note: For each individual the average is taken over 5000 Monte Carlo samples.
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Figure 3.B.3: Individual MSE minimizing As for n = 500, § = 1, ¢ = 2,
v =—0.3, Kk = 0.8 and ma(q).

n =500

Note: For each individual the average is taken over 2000 Monte Carlo samples.
Figure 3.B.4: ATE’s for n =100, =1, ¢ =2, v = —0.3, k = 0.8 and ma(q).
IPW1 IPW2

i

IPW3 DR
™ M -
™ -
U ~ 4
4 -
(= ° o - °

|1 Unshrunken ATE [ Shrunken ATE

Note: For shrunken ATE’s fixed valued X’s are used.
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Figure 3.B.5: ATE’s for n =200,5 =1, ¢ =2, v = —0.3, k = 0.8 and ma(q).

IPW1 IPW2
A ° o °
U‘_‘"'A JL
~
o |
-
[ ]
o0 ' =7
. —_— o
o 4 o
IPW3 DR
™ ™
[
—§ —4
N ~ 4
— o — ll
O A O

|| Unshrunken ATE [ Shrunken ATE |

Note: For shrunken ATE’s fixed valued X’s are used.

Figure 3.B.6: ATE’s for n =500, =1, ¢ =2, v = —0.3, k = 0.8 and ma(q).
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Note: For shrunken ATE’s fixed valued X’s are used.
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Appendix 3.C Supplementary Proofs

Theorem 3.C.1. Under the assumption that E [p;] = p; the MSE minimizing A} (n) is
given by

_ N [pz] COV(ﬁi, D)
V [p;] + BPLERD 4 (B [D;] - E [5:])? — 2 Cov(;, D)

n

Aj(n) =

Proof 3.C.1.

p =
E[pi]

bias(p})
V[l
MSE(p)

— Ai(
-\

i(n)) E[pi] + Ni

[pi] — pi + Xi(n) [E

(1 Ai( )) V [pi] + Ni(n)?V [D] +2X;(n)(1 — \i(n)) Cov(p;, D)

[B[p:] — pi)* + 2i(n) [B [p:] — pi] [B [D] — E[pi)] + Ai(n)? [E [D] — E[p;]]”
(1= Xi(n))* V[pi] + Xi(n)? V [D] + 2Xi(n)(1 = Xi(n)) Cov (p;, D)

JE[D]
] - Ep]

(
(
B

i n))pz + A ( )D
(n
[D

Therefore, we get:

o = 2(E (3]~ [E (D] ~ E[p]) + 20 [E (D] - E 3]’
2(1 = Xi(m) V [pi] + 2\ (n) V [D] +2(1 = 2,(n)) Cov (5. D)
=0
& <>[vm v [D] = 2Cov(ps, D) + [E [D] - B[]
=V [p;] = Cov(p;, D) — [E [pi] — pi] [E [D] — E[pi]]
)\*() V[pz] _(p ) [E[pl] z][ [_]_E[ﬁl_]
TN+ VD] + B D] - B[pi])? — 2Cov(pi, D)

E[D;](1-E[Ds])

using E [p;] ~ p; and V [D] = yields:

A% [}51] - COV(ﬁZ‘, D)
v [pi) + HPEEED + (B(D;) - B [pi])2 — 2 Cov(pi, D)

Ai(n) =

O

Theorem 3.C.2. Under the assumption that E [p;] = p; the \*(n), which minimizes the
sum of individual MSEs is given by

> [Vpi] = Cov(pi, D) .
5 [V i) + BRI (5 (Dy] - B [51])2 - 2 Cov(p, D)

n

122



3. A SIMPLE AND SUCCESSFUL METHOD TO SHRINK THE WEIGHT

Proof 3.C.2.
p; =(1 = A(n))pi + A(n) D
E[p{] =(1 — A(n)) E[ps] + A(n) E [D]
bias(i}) = [pi] — pi + A(n) [E[D] — E 5]
V(5] =(1 = A(n))* V [5;] + A(n)2 V [D] + 2A(n)(1 — A(n)) Cov (p;, D)
ZMSEpn:Z[E[m P +2x(n) [E[5i] - pi] [E []—EW]H(n)Q[E[D]—Emf

7

+ (1= M)V [pi] + A(n)2V [D] + 2A(n)(1 — A(n)) Cov (i, D)}

Therefore, we get:

%55@) - Z 2[E[p] - pi] [E[D] - E[pi] + 2A(n) [E[D] - E[5:]]°

= 2(1 = A(m) V5] + 22(n) V [D] + 2(1 = 2A(n)) Cov (i, D)|

E[D;](1-E[Ds])

using E [p;] ~ p; and V [D] = yields:

Y | V[6i] - Cov(pi, D)

N(n) =
v S |V [pi) + BRAEED o (B(D) - B[5])? ~2Cov(pi. D) _
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