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habe. Die Arbeit mit Herr Brüggemann hat mir stets sehr viel Spaß gemacht. Für die
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bei der Graduate School of Decision Sciences bedanken. Danke auch an den DAAD,

welcher meinen Forschungsaufenthalt in den USA durch ein Kurzzeitstipendium

finanziell unterstützt hat.
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Summary

Economic discrimination against females is still a very relevant topic, as recent data

by the Organisation for Economic Co-operation and Development (OECD, 2017)

show: Men significantly outearn women in every OECD country. This dissertation

contributes to the economics literature by examining origins of the gender wage gap

in three stand-alone chapters. The first chapter addresses the cost of having children

in terms of women’s foregone lifetime income. The second and third chapter of this

dissertation focus on the role of gender in educational outcomes. Gender disparities

in education lead to differences in occupational choices, which in turn help to explain

a significant part of wage differentials between men and women (Black & Haviland,

2008).

The first chapter “The Implicit Costs of Motherhood over the Lifecycle: Cross-Cohort

Evidence from Administrative Longitudinal Data” is joint work with Todd Sørensen

(University of Nevada) and Douglas Webber (Temple University). It is forthcoming

in the Southern Economic Journal. In this study, we use longitudinal administrative

data from over 70,000 individuals in the Synthetic SIPP Beta to examine the earnings

gap between mothers and never-mothers over the lifecycle and between cohorts.

We observe women who never have children beginning to outearn women who will

have children during their 20s. Gaps increase monotonically over the lifecycle, and

decrease monotonically between cohorts from age 26 onwards. In our oldest cohort,

lifetime gaps approach $350,000 by age 62. Cumulative labor market experience

profiles show similar patterns, with experience gaps between mothers and never-

mothers generally increasing over the lifecycle and decreasing between cohorts. We

decompose this cumulative gap in earnings (up to age 43) into portions attributable

to time spent out of the labor force, differing levels of education, years of marriage

and a number of demographic controls. We find that the gap between mothers and
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SUMMARY

never-mothers declines from around $220,000 for women born in the late 1940s

to around $160,000 for women born in the late 1960s. Our evidence suggests that

changes in the gaps are caused by changing labor force participation rates.

The title of the second chapter is “Explaining the Gender Test Score Gap in Mathematics:

The Role of Gender Inequality”. It is a collaboration with Z. Eylem Gevrek (Católica

Porto Business School) and Deniz Gevrek (Texas A&M University). Using data from

the 2012 Program for International Student Assessment (PISA) across 56 countries,

this study examines the link between societal gender inequality and the gender

test score gap in mathematics. To this end, we employ a novel two-stage empirical

strategy. In the first-stage, we use a semiparametric Oaxaca-Blinder (OB) method to

decompose the gender mathematics test score gap into a part that is explained by

gender differences in observable characteristics and a part that remains unexplained.

In the second stage, we investigate whether the decomposition components of the

gap are systematically related to country-level gender inequality indicators. The

semiparametric OB decomposition results indicate that the unexplained part of the

gap is statistically significant in 42 countries and significantly negative in 38 coun-

tries, implying that boys have a particular advantage with converting educational

inputs into better mathematics test scores. Contrary to several previous studies,

we find that the mean gender test score gap is not associated with the indicators

of gender inequality, but the unexplained part of the gap is. In more gender-equal

countries, the unexplained part of the gap favoring boys becomes smaller.

The third chapter has the title “The Effect of a Same-Gender Teacher on Student Achieve-

ment and Attitudes in Mathematics and Science”. Using data from 43 countries that

took part in the Trends in International Mathematics and Science Study (TIMSS)

in 2011 and 2015, this article analyzes the effect of a same-gender teacher on stu-

dent outcomes in mathematics and science. Apart from examining only student

achievement as an outcome, I analyze the effect of a same-gender teacher on student

attitudes. My baseline results indicate that a same-gender teacher has no effect on

student achievement in the vast majority of countries. The effect of a same-gender

teacher on student attitudes, however, is much stronger: Out of the 43 countries,

students are more engaged in the lessons in 28 countries and like learning the subject
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SUMMARY

more in 22 countries when taught by a same-gender teacher. In 11 countries students

value the subject more under a same-gender teacher, and in 10 countries students

are more confident in their abilities. My results indicate that girls are more engaged

and confident in the subject in a larger number of countries. A comparison between

physics, which might be the most-male dominated subject in TIMSS, and biology,

which might be the most female-dominated subject, yields no substantial difference

in the effect of a same-gender teacher.
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Zusammenfassung

Wirtschaftliche Diskriminierung gegenüber Frauen ist immer noch ein aktuelles

Thema, wie Daten der Organisation für wirtschaftliche Zusammenarbeit und En-

twicklung (OECD, 2017) zeigen: Männer verdienen in jedem OECD Land signifikant

mehr als Frauen. Meine Dissertation trägt zur Fachliteratur bei, indem Ursprünge

für das Lohngefälle zwischen Frauen und Männern untersucht werden. Die Arbeit

besteht aus drei eigenständigen Kapiteln. Das erste Kapitel betrachtet Lohnunter-

schiede zwischen Müttern und kinderlosen Frauen. Im zweiten und dritten Kapitel

liegt der Schwerpunkt bei Geschlechtsunterschieden im Bildungswesen. Unter-

schiede zwischen Mädchen und Jungen in der Schule führen zu Unterschieden bei

der Berufswahl, was wiederum einen signifikanten Anteil am geschlechtsspezifis-

chen Lohngefälle erklärt (Black & Haviland, 2008).

Das erste Kapitel “The Implicit Costs of Motherhood over the Lifecycle: Cross-Cohort Ev-

idence from Administrative Longitudinal Data” wurde gemeinsam mit Todd Sørensen

(University of Nevada) und Douglas Webber (Temple University) erarbeitet. Die

Studie wird in der Fachzeitschrift Southern Economic Journal erscheinen. Wir ver-

wenden Längsschnittdaten von über 70.000 Personen im Syntethic SIPP Beta Daten-

satz um Lohnunterschiede zwischen Müttern und kinderlosen Frauen im Verlauf

des Lebens und zwischen verschiedenen Kohorten zu untersuchen. Dabei kann

beobachtet werden, dass kinderlose Frauen bereits ab einem Alter von 20 Jahren

mehr verdienen als zukünftige Mütter. Die Unterschiede steigen monoton über den

Lebenszyklus und sinken monoton über verschiedene Kohorten ab einem Alter von

26 Jahren. In unseren ältesten Kohorte beträgt der kumulierte Lohnunterschied

im Alter von 62 Jahren annähernd 350.000$. Bei der kumulierten Arbeitsmarkter-

fahrung werden ähnliche Muster beobachtet. Die Unterschiede zwischen Müttern

und Nicht-Müttern wachsen im Allgemeinen im Verlauf des Lebens und sinken zwis-
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ZUSAMMENFASSUNG

chen den Kohorten. Wir zerlegen die Lohnunterschiede (bis zu einem Alter von 43

Jahren) in einen Teil, der durch Unterbrechungen bei der Erwerbsbeteiligung, Unter-

schiede beim Bildungsgrad und weiteren demografischen Variablen erklärt werden

kann. Es wir deutlich, dass das Lohngefälle zwischen Müttern und Nicht-Müttern

von 220.000$ für Frauen, die in den späten 1940er Jahren geboren sind, auf 160.000$

für Frauen, die in den späten 1960er Jahren geboren sind, fällt. Die Ergebnisse

deuten darauf hin, dass Veränderungen im Lohngefälle durch Änderungen in der

Erwerbsquote verursacht werden.

Das zweite Kapitel “Explaining the Gender Test Score Gap in Mathematics: The Role of

Gender Inequality” wurde gemeinsam mit Z. Eylem Gevrek (Católica Porto Business

School) and Deniz Gevrek (Texas A&M University) erarbeitet. Diese Studie unter-

sucht, mit Daten von der PISA-Studie 2012 aus 56 Ländern, den Zusammenhang

zwischen Geschlechterungleichheit und geschlechtsspezifischen Unterschieden beim

Testergebnis in Mathematik. Zu diesem Zweck wird ein zweistufiges empirisches

Modell verwendet. In der ersten Stufe zerlegen wir mit einer semi-parametrischen

Oaxaca-Blinder (OB) Zerlegung für jedes Land die geschlechtsspezifischen Unter-

schiede in Mathematik in einen Teil, der durch Unterschiede in beobachtbaren Eigen-

schaften erklärt werden kann und einen Teil, der unerklärt bleibt. In der zweiten

Stufe untersuchen wir, ob die einzelnen Teile der Zerlegung systematisch mit Indika-

toren für Geschlechterungleichheit in einem Land zusammenhängen. Die Ergebnisse

der semi-parametrischen OB Zerlegung deuten darauf hin, dass der unerklärte Teil

der geschlechtsspezifischen Unterschiede in Mathematik in 42 Ländern statistisch sig-

nifikant ist, davon in 38 Ländern zugunsten von Jungen. Dies ist ein Beleg dafür, dass

Jungen und Mädchen, die den gleichen Familienhintergrund haben und der gleichen

Schule angehören sowie den gleichen gesellschaftlichen Einflüssen ausgesetzt sind,

von diesen Eigenschaften unterschiedlich betroffen sind. Im Gegensatz zu einigen

früheren Studien finden wir heraus, dass der durchschnittliche Geschlechterunter-

schied in Mathematik nicht mit Indikatoren für Ungleichheit korreliert ist. Der

unerklärte Teil der geschlechtsspezifischen Unterschiede in Mathematik zugunsten

von Jungen ist hingegen in Ländern mit höherer Geschlechtergleichheit signifikant

niedriger.
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ZUSAMMENFASSUNG

Das dritte Kapitel hat den Titel “The Effect of a Same-Gender Teacher on Student

Achievement and Attitudes in Mathematics and Science”. Mit Daten aus 43 Ländern, die

an der Trends in International Mathematics and Science Study (TIMSS) 2011 und 2015

teilnahmen, untersucht dieser Artikel die Auswirkungen eines gleichgeschlechtlichen

Lehrers auf Schulergebnisse in Mathematik und den Naturwissenschaften. Neben

Testergebnissen analysiere ich den Einfluss auf die Einstellung der Schüler dem

Fach gegenüber, in dem ich Antworten der Schüler auf 40 verschiedene Aussagen

verwende. Meine Ergebnisse deuten darauf hin, dass ein gleichgeschlechtlicher

Lehrer keine Auswirkungen auf Testergebnisse der Schüler in der großen Mehrheit

der Länder hat. Der Einfluss eines gleichgeschlechtlichen Lehrers auf die Einstellung

der Schüler ist hingegen deutlich größer. Von den 43 Ländern in meiner Studie sind

in 28 die Schüler engagierter im Unterricht und in 22 Ländern haben die Schüler

mehr Spaß am Lernen des Fachs. Ich finde Geschlechtsunterschiede beim Einfluss

eines gleichgeschlechtlichen Lehrers auf die Einstellung gegenüber Mathematik und

Naturwissenschaften, insbesondere eine größere Zahl an Ländern, in denen Mädchen

engagierter und selbstbewusster im Schulfach sind.

Quellen

Blinder, A. (1973). Wage discrimination: Reduced form and structural estimates.
Journal of Human Resources, 8(4), 436–455.

Black, D. A., & Haviland, A. (2008). Gender wage disparities among the highly
educated. Journal of Human Resources, 43(3), 630–659.

Dee, T. S. (2007). Teachers and the gender gaps in student achievement. Journal of
Human Resources, 42(3), 528–554.

Oaxaca, R. (1973). Male-female wage differentials in urban labor markets. Interna-
tional Economic Review, 14(3), 693–709.

OECD (2017). Gender wage gap (indicator). doi: 10.1787/7cee77aa-en.
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CHAPTER 1 Introduction

1.1 Introduction

The gender wage gap, and its evolution over time, is among the most studied topics

at the intersection of economics and demography. One often touted explanation

for this phenomenon is the variety of constraints typically placed upon women as

a result of motherhood, generating what the literature refers to as the ‘family gap’,

or the earnings gap between mothers and never-mothers (women who never have

children). The historical lack of family-friendly labor market policies in the United

States, likely widening the family gap, is cited as one reason that the U.S. has a large

gender wage gap relative to many other developed countries (Waldfogel, 1998).

The U.S. Department of Agriculture has calculated the explicit costs of raising

a child since 1960, when children were estimated to cost parents around $202,000

in 2015 dollars. Since 1960, the average costs have increased by roughly 25%.1

Much less is known however about the implicit costs of having a child, arising from

factors such as foregone earnings and altered labor market behavior. The relationship

between motherhood and labor market outcomes is undoubtedly complex, operating

through a number of different channels. These channels include direct effects, such as

lost earnings from reduced labor supply, as well as indirect effects, such as reduced

earnings potentially resulting from foregone experience or education. Existing

research has focused on uncovering what share of the family gap can be attributed to

each of these factors.

Previous data limitations have typically forced researchers to focus either on a

single cross-sectional snapshot of earnings or to follow one cohort over time. To our

knowledge, we are the first to provide estimates of the family gap and possible causes

for its evolution across many cohorts and over the lifecycle. We do so by analyzing

high quality administrative data from the SIPP Synthetic Beta (SSB), a novel data

source which links several decades of earnings records to detailed survey data. The

SSB allows us to comprehensively examine how factors that contribute to the family

wage gap have changed across cohorts and over the lifecycle.

The main contribution of this paper is to leverage the nature of the rich SIPP

Synthetic Beta dataset in order to examine earnings over the lifecycle for over 70,000

women and to compare the family gap across twenty-four different birth cohorts that

1https://www.usda.gov/wps/portal/usda/usdahome?contentidonly=true&contentid=2014/08/0179.xml
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CHAPTER 1 Introduction

span nearly a quarter century. We first estimate the size of the family gap and how it

has changed across cohorts. Our data allows us to observe the evolution of the gap

in cumulative earnings and experience in four 5-year birth cohorts and one 4-year

birth cohort spanning the years 1945 to 1968. The lifetime earnings of never-mothers

begins to exceed the lifetime earnings of mothers by their mid-twenties; the gap

increases as the women age. For our oldest cohort, lifetime gaps between mothers

and never-mothers exceed $350,000 by age 62. We show that a key driver of this

is the higher labor force participation rates of never-mothers. Higher participation

will yield higher lifetime earnings directly, and also indirectly through increased

future earnings from higher levels of labor market experience. Cumulative labor

market experience profiles demonstrate that the experience gap increases between

mothers and never-mothers over the lifecycle (in 169 of 171 cohort/age observations).

While this is true across cohorts, the magnitude of the gap between mothers and

never-mothers in both experience and income at a given age declines as we move

from older to younger cohorts.

Comparing cumulative earnings for all birth cohorts up to age 43 (the oldest age

at which we have data from all cohorts) in the lifecycle, we find gaps ranging from

around $220,000 for our earliest cohorts to less than $160,000 for our more recent

cohorts. We then decompose the sources of the family gap to explore the relative

contribution of various factors, including years of marriage, educational attainment,

years of labor market experience and some demographic control variables. For each

cohort, these variables always explain nearly three quarters of the gap. In addition,

over 80% of the change in this gap over time can be attributed to variables in our

model, with changes in labor force participation by far the best explanation for the

declining gap. We also explore changes in the opportunity cost of having a child

along the intensive margin of family size. A decomposition of earnings gaps between

mothers of one child and mothers of two children reveals a decline in the gap from

around $78,000 for the oldest cohorts to around $37,000 for the youngest cohorts.

Our model explains a smaller share of this intensive margin decline, but changes in

absences from the labor market again explain a large amount of the decline.

The paper proceeds as follows. Section 2 discusses the relevant literature. Section

3 describes the data and presents some initial descriptive statistics. Section 4 presents
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CHAPTER 1 Literature Review

our full set of results and robustness checks, Section 5 discusses the results and

Section 6 concludes.

1.2 Literature Review

The so-called family gap describes the disparity in earnings between mothers and

never-mothers. While this literature is too large to allow for a summary of every

study, the discussion below reviews the research that is most closely related to our

work.

Korenman and Neumark (1992) is arguably the closest paper in terms of research

question to our study. This key study decomposes the family gap into direct and

indirect impacts. Indirect impacts work through the mechanisms of experience

and job tenure, while direct impacts are defined as the causal effect of children on

earnings when the above are controlled for. Using both fixed effects and instrumental

variables strategies, Korenman and Neumark (1992) find evidence of both types of

impacts.

The family gap is often framed as an important determinant of the gender pay

gap. Indeed, Kleven, Landais, and Sogaard (2015) conclude that nearly the entire

contemporaneous gap in earnings between men and women can be attributed to

either direct or indirect (e.g. occupational choice) effects of having children. Webber

(2016) estimates the impact of labor market mobility/geographic constraints on the

gender pay gap, finding that 60% of the penalty due to these constraints is due

to marital (20%) and fertility (40%) status. In other words, Webber (2016) finds

that nearly half of the wage penalty women face for being unwilling or unable to

switch jobs is due to childbearing. Additionally, Kleven and Landais (2016) shows

that the differential penalty that women face for having children persists across

many countries, and has strong implications for women in an economic development

context. Using a snapshot of earnings at age 45 for Swedish women born 1945-

1962, Boschini, Hakansson, Rosen, and Sjogren (2011) find some evidence of a wage

premium earned by mothers.

Our study also builds upon a body of work examining the impact of timing of

first birth on the family gap. Unsurprisingly, this literature generally finds that

postponement of fertility reduces the family gap (Gustafsson, Wetzels, Vlasblom, &
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CHAPTER 1 Literature Review

Dex, 1996; Hotz, McElroy, & Sanders, 2005; Miller, 2011). This finding works through

both a direct causal effect (Miller, 2011), increased human capital accumulation

(Troske & Voicu, 2013), and reduced future fertility (Heckman, Holtz, & Walker,

1985; Heckman & Walker, 1990).

One important mechanism through which the family gap may operate is through

changes in labor force participation at either the extensive margin (whether or not

the woman is working outside of the home) or intensive margin (the number of

hours she is working). The seminal paper on the labor supply impact of children on

their parents is Angrist and Evans (1998), which uses the gender composition of a

couple’s first two children as an instrumental variable for the decision to have a third

child. They find, consistent with more recent work (Budig & Hodges, 2010), negative

labor market impacts that are concentrated among lower-skilled and lower-educated

mothers. Work by Agüero and Marks (2011) uses infertility as an instrument for

family size and finds effects on the type of work that a mother undertakes, though

not on labor force participation. Either finding could imply negative wage effects of

motherhood.

While most studies find evidence of multiple mechanisms driving the family

gap, it is important to note that Lundberg and Rose (2000) ascribe the entire gap

in earnings between mothers and never-mothers to interruptions in labor market

activity. Our data will allow us to not only assess how much of the gap is driven by

interruptions, but also to see how this mechanism has changed across cohorts.

Two of the main contributions of our paper, facilitated by the rich SIPP Synthetic

Beta dataset, are the ability to (i) precisely examine labor market outcomes for tens

of thousands of women relatively late into the lifecycle and (ii) make a comparison

of the family gap across five groups of birth cohorts. Closely related to our work

is a pair of recent papers, Juhn and Mccue (2016a) and Juhn and Mccue (2016b)

which use SSB data to analyze the evolution of marriage penalties over time. Their

work also provides some evidence that the family wage gap is substantial and that

it has not changed significantly over time. Our approach will allow for a much

more detailed investigation of this gap and its evolution over the lifecycle and across

cohorts.

While a number of excellent papers have utilized longitudinal data to examine

the family gap (Lundberg & Rose, 2000; Anderson, Binder, & Krause, 2003; Sigle-
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Rushton & Waldfogel, 2007; Miller, 2011), these studies are generally constrained by

the survey window as well as by smaller sample sizes. As a result, these studies often

examine impacts of child rearing on a smaller group of mothers only up through their

mid-thirties. In terms of cross-cohort comparisons utilizing longitudinal data, we

are aware of only one study other than the two studies by Juhn and McCue (2016a,b)

discussed above which have examined more than one birth cohort. Avellar and

Smock (2003) examine two birth cohorts, and find no change in the size of the family

gap between them. A recent, comprehensive study using purely cross-sectional data

to analyze differences in the family gap over time is Pal and Waldfogel (2016), which

documents a convergence in the family gap using Current Population Survey data

between 1967 and 2013.

1.3 Data and Methods

The data used in this study come from the SIPP Synthetic Beta (SSB), which matches

nine panels between 1984 through 2008 from the Survey of Income and Program

Participation (SIPP) with administrative earnings records from the Social Security

Administration. The surveys were conducted in 1984, 1990, 1991, 1992, 1993, 1996,

2001, 2004 and 2008 and yield over 70,000 observations for our analysis. The

matched Social Security data provides information on earnings from 1951 through

2011 for years preceding and following an individual’s participation in the SIPP. In

addition to the rich labor market information from the Social Security Administration,

the SSB also supplements survey data with administrative fertility data on women.

Specifically, the data gives the date of birth for first and last born children, as well as

the number of children ever born.2 The longitudinal nature of this data thus allows

us to follow employment and earnings outcomes for women and estimate how these

outcomes covary with the beginning of motherhood.

This rich dataset only became widely available to researchers recently, and we

feel it is a promising datasource for future economic and demographic research. To

date, less than 20 studies have been published using data from Cornell’s Synthetic

2The variables about the child’s birthdate come from administrative records. Both variables were
created by first looking for biological children on the SIPP household roster. In order to include
cases where children lived outside the household, both variables were replaced by reported values
of mothers if the total number of children in the household roster was smaller than the reported
number of children.
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Data Server according to their bibliography.3 Preliminary analysis of the data is

conducted on the Synthetic Data Server (SDS) housed at the Census Bureau. Once

researchers have written files which run successfully on the synthetic data, these

same files are then given to the Census Bureau to be run on the actual data. Results

from this analysis are then returned to the researcher after a careful review from a

disclosure officer who certifies that no private information is present in any output.

In this way, researchers are able to obtain information from highly sensitive data

without actually viewing the data themselves, thus eliminating risks to privacy and

also reducing the administrative burden on researchers who wish to access the data.

Our analysis includes earnings from ages 18 through 43, inclusively. Our study

focuses on women who are at least 40 years of age in the first year they appear in

the SIPP survey, in order to best capture completed fertility.4 Since the fertility

topical module is administered in the second year of SIPP participation, this ensures

that the youngest women in our sample were either 40 or 41 years old (depending

on the month of the year they were born) at the time they completed the fertility

questionnaire. As our most recent survey year was in 2008, the 1965-68 birth cohort

is thus the youngest cohort we study. We begin our analysis with the 1945 cohort.5

We group our birth cohorts into three five year bins and one four year bin: 1945-1949,

1950-54, 1955-59, 1960-64, and 1965-68. We term these cohorts 1945, 1950, 1955,

1960 and 1965, respectively. Sample sizes for each cohort vary because of our sample

restriction requiring the fertility topical module to have been completed after age 40.

The 1945, 1950, 1955, 1960 and 1965 birth cohorts contain 21,800, 20,399, 15,697,

11,292, and 3,357 women respectively.6

The SIPP data offers us two datasets containing administrative records of social

security earnings, one dataset that reports uncensored earnings, and one dataset

which top-codes earnings to the earnings ceiling for earnings that are covered by

Social Security in a given year.7 We choose to use the top-coded version of the data,

3This includes data from both the SSB as well as the SynLBD:
https://www2.vrdc.cornell.edu/news/synthetic-data-server/sds-bibliography/

4Lifetime fertility information is collected during the fertility history topical module. Detailed
information on how the fertility history variables are computed can be found in Reeder et al (2015).

5We choose this cutoff year because World War II provides a natural break point, and there is
incomplete data on fertility for women who were older than 65 at the time of the survey.

6The sample sizes are not always integers due to a multiple imputation process, and are rounded to
the nearest whole number.

7In recent years, roughly 94% of all workers had earnings below the Social Security maximum.
Given that our sample focuses exclusively on female earnings, the proportion of our sample which
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Table 1.1: Summary Statistics

No Child One Child Two Children Three or More Children

Cumulative Income 594.51 498.08 430.24 304.77
(421.33) (378.54) (351.52) (301.09)

Years Labor Market Exp 19.85 19.02 17.94 15.37
(7.00) (7.02) (7.00) (7.45)

High School Dropout 0.05 0.07 0.07 0.17
(0.23) (0.25) (0.25) (0.38)

High School Graduate 0.25 0.31 0.32 0.34
(0.43) (0.46) (0.47) (0.47)

Some College 0.33 0.36 0.35 0.32
(0.47) (0.48) (0.48) (0.47)

College Graduate 0.37 0.26 0.25 0.17
(0.48) (0.44) (0.44) (0.38)

Age at First Birth – 26.62 24.06 21.48
(6.33) (5.18) (4.44)

Years Married 8.91 14.53 17.53 17.90
(8.84) (7.98) (7.03) (7.35)

Hispanic 0.05 0.06 0.07 0.14
(0.22) (0.24) (0.25) (0.34)

Foreign Born 0.09 0.11 0.11 0.15
(0.28) (0.32) (0.31) (0.36)

Race White 0.83 0.79 0.83 0.77
(0.37) (0.41) (0.38) (0.42)

Race Black 0.11 0.14 0.11 0.16
(0.32) (0.35) (0.31) (0.36)

Race Other 0.05 0.07 0.06 0.07
(0.23) (0.25) (0.24) (0.25)

Number Children 0.00 1.00 2.00 3.66
(0.00) (0.00) (0.00) (1.10)

Observations 12.408 11.762 25.525 22.798

as earnings date back to 1951, easily allowing us to examine earnings for 1963, the

year in which our oldest birth cohort turned 18. Employing the non-top-coded data,

which begins in 1979, would entail eliminating all women born before 1961, thus

cutting a majority of our cross-cohort observations. Fortunately (from a research

perspective), in the synthetic data, we never observe more than 1% of women in our

sample having top-coded earnings.

Table 1.1 presents summary statistics on the key variables that we employ. It is

important to keep in mind that in this and all subsequent tables, age is held constant

at 43. We see cumulative income (up to age 43) monotonically decreasing with family

size, along with years of labor market experience.8 The summary statistics also

suggest that education, measured at the time of the survey, is negatively correlated

is top-coded is quite small. See Table 4b at the following link for historical data on top-coding:
https://www.ssa.gov/policy/docs/statcomps/supplement/2013/4b.pdf

8Experience is defined as a year with non-zero social security earnings.
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with family size. Unsurprisingly, women who have more children began having

children at a younger age and have spent more of their lives married. Differences

across other demographic variables suggest that these variables will be important

to control for. We also observe that women who have had three or more children

on average have had 3.66 children. We check the representativeness of the SIPP in

this dimension by referring to the 1990 Census, which was the last year in which

total fertility was included in the Census survey. When we consider the 1945-1949

birth cohorts in this data, the only birth cohorts in our sample who had reached

age 40 by the time of the survey, we find a nearly identical average family size of

3.69 for women who had three or more children. Additionally, the shares of women

having no children, one, two and more than two children are 15%, 16%, 36% and

33%, respectively. In our data, the respective shares across all cohorts were 17%,

16%, 35% and 31%.

We use a straightforward Oaxaca (1973) decomposition to analyze the various

contributions to the family gap over time. When decomposing the gap between

mothers and never-mothers, our control variables include cumulative experience,

cumulative experience squared, education at time of survey categorical indicator

variables9, an indicator for Latina ethnicity, an indicator for a foreign born individual,

cumulative years of marriage at age 43, and an indicator variable for women reporting

their race as African-American. When we consider earnings gaps among mothers

with different numbers of children, we also include a variable that measures the

mother’s age at the birth of the first child.

1.4 Results

We now present some initial findings on the lifetime family gap. Figure 1.1 informs

us about the total earnings gap up to age 43, the oldest age for which we observe

data on all birth cohorts in our sample. The figure suggests that the family gap has

narrowed considerably between cohorts, dropping by roughly 30% from $220,000 to

$158,000. While the gap is still substantial, it implies that, during their mid-forties,

mothers in the youngest cohort faced a cumulative earnings gap with never-mothers

9We include three indicators for women’s highest completed level of education: high school degree,
some college and college graduate. Less than a high school degree is the omitted reference group.
This approach, rather than the use of years of education, was necessitated on account of the SIPP
data not reporting years of education.
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Figure 1.1: Income until age 43.

of their generation that was over $60,000 less than the gap that mothers in the oldest

cohort faced.10 While a simple comparison is clearly not causal, the magnitude of

this change is significant as it suggests that the implicit cost of having a child has

dropped substantially between the cohorts that we study.

Figure 1.2 explores how the family gap between mothers and never-mothers varies

by age. Understanding how the gap evolves over the lifecycle may help to illustrate

how important the timing of birth and absences from the labor force are relative to

the role of selection. The earnings gap is displayed in a different series for each of

our five cohorts.11 We see relatively small gaps between mothers and never-mothers

of a given cohort at younger ages, suggesting that selection into motherhood plays

a relatively small role in the family gap. However, we see a widening gap between

mothers and never-mothers as women pass through their mid-twenties. This gap

continues to widen throughout the lifecycle, though the gap begins to grow at a

decreasing rate after women enter their late 30’s. By the time the oldest birth cohort

reaches their early 60’s, the family gap has grown to $350,000. Although we do not

observe the younger cohorts at these ages, a simple projection based on the time

10We are able to reject a null-hypothesis of no change in the average gap with greater than 99%
confidence.

11Our data was cleaned so that our main analysis preserved a consistent sample of women who were
in the dataset up to age 43. When we analyze earnings or experience beyond age 43, we do see a
small amount of attrition in our sample, ranging from 5.3% up to age 62 for never-mothers in the
oldest cohort, to only 0.5% to age 47 for the 1950 birth cohort.

–18–



CHAPTER 1 Results

0
1
0
0

2
0
0

3
0
0

4
0
0

T
h
o
u
s
a
n
d
 2

0
1
4
 $

20 30 40 50 60
Age

1945 Predicted 1945

1950 Predicted 1950

1955 Predicted 1955

1960 Predicted 1960

1965 Predicted 1965

Figure 1.2: Running income gaps. Note the series is monotonically decreasing by cohort. All
observations for 1945 are actualized, not predicted.

periods that we do observe implies that by their early 60’s, the gap for the 1950, 1955,

1960, and 1965 birth cohorts will be $324,000, $311,000, $287,000, and $282,000

respectively.12

Figure 1.3 plots the average cumulative experience gap for each cohort across

the lifecycle. We focus specifically on experience because (as we will show below)

it is by far the dominant factor in both the magnitude at a point in time and the

change over time in the family gap. The cumulative experience gap has declined

substantially across cohorts, dropping by nearly one and a half years from the oldest

to the youngest cohort at the latest age for which we observe all cohorts. Of particular

note is that while we examine five-year birth cohorts, the patterns seem to cluster

more around decade of birth, with distinct differences between women born in the

40’s, 50’s, and 60’s, but little divergence within each decade. Since the data for

experience used in this study is binary (measuring whether an individual received

labor market earnings in a given year), rather than continuous (e.g. hours worked), it

is likely that this graph understates the true experience gap between mothers and

never-mothers. When we project experience gaps out to age 62, we find that the gap

12We obtain these projections by taking the average growth rate of the gap at a certain age across all
previous cohorts for which we have actual data.
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Figure 1.3: Running experience gaps. Note the series is monotonically decreasing by cohort.
All observations for 1945 are actualized, not predicted.

has narrowed from 3.7 years of experience for our oldest cohort to 2.9, 2.8, 2.3 and

2.1 years for our 1950, 1955, 1960 and 1965 cohorts, respectively.

Table 1.2 analyzes the sources of the cumulative family gap between never-

mothers and mothers across birth cohorts. We use a standard Oaxaca decomposition

to analyze the relative contributions of each factor. Variables included in the model

are race, ethnicity, foreign born status, years of marriage and educational attain-

ment indicator variables, experience and experience squared. The table displays

the cumulative gap between mothers and never-mothers. In all decompositions,

women with fewer children are the omitted reference group. In the framework of a

Oaxaca decomposition, the explained gap in labor market outcomes between mothers

and never-mothers results from a weighted sum of differences in the means of the

included variables, where regression coefficients comprise the weights. The portion

of the explained gap that is driven by the educational indicator variables may reflect

either differential selection into motherhood or child induced educational interrup-

tions. The explained gap that is attributable to the experience variables captures the

long-run effects of experience differences between mothers and never-mothers. Each

row in the table represents a cohort. The first column displays the total gap. The

second column presents the residual unexplained gap, the third column gives the

total explained gap, and the next four columns further break down the explained

–20–



CHAPTER 1 Results

Table 1.2: Results from Oaxaca Decomposition 1 (between Never-Mothers (base group) and
Mothers)

Cohort Delta Y Delta U Delta E Exp Educ Years Mar Demographics

1945 220.43 34.30 186.13 152.07 26.83 8.13 −0.90
(9.32) (6.48) (8.97)

1950 200.15 35.98 164.17 131.26 30.78 3.50 −1.37
(11.96) (7.78) (10.84)

1955 189.95 31.93 158.02 123.62 31.85 5.03 −2.48
(12.65) (8.91) (12.93)

1960 165.67 42.66 123.01 95.38 34.30 −4.54 −2.13
(13.02) (10.53) (13.57)

1965 157.88 22.65 135.23 105.47 26.16 13.38 −9.77
(22.22) (20.27) (23.38)

Notes: Delta Y represents the total gap in earnings between never-mothers and mothers, Delta E represents the part of the
gap that can be explained by the observable factors in our model, Delta U is the part of the gap that cannot be explained by
any of these factors. The remaining columns break down the contribution to the explained gap into years of labor market
experience (experience and experience squared), years of marriage, education categories, and demographic indicators (race,
ethnicity and foreign born).

gap between the groups of explanatory variables. Standard errors are reported for

estimates of the total gap, explained gap and unexplained gap.13

The total gap in cumulative income between mothers and never-mothers dropped

by nearly 30% ($220,000 to $158,000) over the twenty years between our oldest and

youngest birth cohorts; this change is significant at the 1% level. The unexplained gap

stayed more or less constant throughout our sample, though it became more variable

and was not statistically significantly different from zero for the youngest cohort.14

The explained gap declined significantly in unison with the total cumulative income

gap. In other words, we can attribute roughly the entire change in the family gap

to observable factors. Based on the final four columns, nearly the entire drop in

the explained family gap ($47,000 out of $51,000 between the youngest and oldest

cohorts) can be attributed to changes in labor market experience rather than other

factors such as education. Measured at age 43, the experience gap between mothers

and never-mothers declined by about one and a half years in the labor force between

the oldest and youngest birth cohorts in our sample.

13Our analysis was restricted by a “privacy budget” that binds after a certain amount of information
is extracted from the confidential data at Census. On account of this, we extracted a limited amount
of information, not including the covariance between the parameter estimates. As a result we do not
possess all information needed to calculate standard errors on the explained portion for combined
categories of variables (for example experience and experience squared). Accordingly, we only
report standard errors from the canned Oaxaca command on the overall gap and explained and
unexplained portions.

14It is important to note that the standard error of the estimate of the unexplained gap is nearly twice
as large for the 1965 cohort as it is for the 1960 cohort; the sample size for the 1965 cohort is over
70% smaller. The unexplained gap is thus significant for all other cohorts examined.
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Examining Tables A-1.1 and A-1.2 in the appendix, we can delve deeper into

the factors which have led to a convergence between mothers and never-mothers by

looking at relative changes in both the characteristics of mothers/never-mothers as

well as the relative returns to those characteristics. One interesting development

is the return to a college degree among mothers and never-mothers; the return to

being a college graduate increased by $48,000 more among mothers than among

never-mothers. Although purely speculative, this could represent a relative shift in

the field that never-mothers/mothers major in.

For example, we can also examine the extensive and intensive margins of experi-

ence by looking at the relative change in average experience and the change in the

marginal return to a year in the labor market across motherhood status. Between

the 1945 and 1965 birth cohorts, never-mothers increased their total years in the

labor market by 1.76 years (18.95 to 20.71) while mothers accrued an additional 3.16

years of experience (15.77 to 18.93). The marginal return to a year of experience,

shown in the last row of Table A-1.11 in the appendix also increased for mothers ($35

thousand to $50 thousand) relative to never-mothers ($54 thousand to $64 thousand)

during our sample period.15 One limitation of our data is that we only have annual

earnings/work history, so we are unable to further evaluate whether the convergence

in the gains on the intensive margin of experience are due to changes in wages or

hours/weeks worked.

Rather than comparing all mothers to women who never have children, Table

1.3 examines the reduction in income associated with the first child. Mothers of one

child born in the 1945 birth cohort had a cumulative income deficit (through age 43)

of $109,000 relative to women who never had children. This gap declined to $86,000

for those born 20 years later.16 As before, differences in labor market experience are

the dominant factor in explaining both the level and change over time in this income

gap.

15The marginal return was calculated by taking the derivative of the regression function with respect
to experience and evaluating at the average values of experience and experience squared. The table
is discussed in more detail later in this section.

16Here again we have a smaller sample size for the 1965 cohort that is nearly 70% smaller than the
1960 cohort. While we cannot reject a null of no change in any of the gaps between the 1945 and
1965 cohorts, we are able to reject a null of no change in the total and explained gaps at the 10%
level when we compare the 1945 cohort to the 1960 cohort.
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Table 1.3: Results from Oaxaca Decomposition 2 (between Never-Mothers (base group) and
Mothers of 1)

Cohort Delta Y Delta U Delta E Exp Educ Years Mar Demographics

1945 108.88 33.96 74.92 54.88 14.89 5.64 −0.49
(12.32) (6.69) (10.43)

1950 93.14 28.01 65.13 41.58 21.30 2.50 −0.25
(10.88) (7.11) (9.45)

1955 102.46 23.51 78.95 52.78 22.92 3.45 −0.20
(12.69) (9.16) (10.84)

1960 74.40 25.88 48.51 28.18 25.29 −3.07 −1.88
(14.01) (11.09) (12.00)

1965 86.31 36.72 49.59 35.57 13.54 8.93 −8.45
(27.79) (20.55) (23.47)

Notes: Delta Y represents the total gap in earnings between never-mothers and mothers of one, Delta E represents the part of
the gap that can be explained by the observable factors in our model, Delta U is the part of the gap that cannot be explained
by any of these factors. The remaining columns break down the contribution to the explained gap into years of labor market
experience (experience and experience squared), years of marriage, education categories, and demographic indicators (race,
ethnicity and foreign born).

Table 1.4 looks at the margin between mothers of one child and mothers of

two children, also adding age at first birth as an explanatory variable.17 The gap

in cumulative income between these two groups has dropped by more than 50%

between the oldest and youngest birth cohorts ($78,000 to $37,000).18 The narrowing

experience gap between mothers of one and two children accounted for the majority

of the change between cohorts ($24,000 of the $41,000 decline in the total gap and

more than 100% of the decline in the explained gap). The results on age at first

birth are also informative, showing an increase in the gap that is attributable to

this variable. Looking at Tables A-1.5 and A-1.6 in the appendix which contain

the means of the covariates as well as the coefficient estimates associated with this

decomposition, respectively, we see that mothers of one or two children saw virtually

identical increases in the age at first birth (1.69 versus 1.66 years). However, the

return to a later birth rose proportionally more for mothers of one child (2.05 to 8.6

compared with 2.60 to 9.46). In the absence of these changes, the closing in the gap

between these two groups would have been nearly 40% larger.

It goes without saying that the figures presented above should be interpreted as

descriptive rather than causal; the novelty of this study lies in the richness of the

17Changes in timing of birth may have also affected gaps between mothers and never-mothers,
but there was no straightforward way in which this variable could be included in a standard
decomposition as this variable is not defined among never-mothers.

18Here, we are able to reject nulls at the 10% level of no change in the total and unexplained gap
between the 1945 and 1965 cohorts and of no change in the explained gap between the 1945 and
1960 cohorts.

–23–



CHAPTER 1 Results

Table 1.4: Results from Oaxaca Decomposition 3 (between Mothers of 1 (base group) and
Mothers of 2)

Cohort Delta Y Delta U Delta E Exp Educ Years Mar Demographics AFB

1945 77.75 6.87 70.88 62.80 1.95 0.91 0.41 4.81
(7.58) (4.80) (6.50)

1950 76.92 12.35 64.57 54.96 1.92 −0.14 0.70 7.12
(9.98) (5.75) (8.06)

1955 47.46 4.51 42.96 34.21 2.09 −1.34 −0.32 8.33
(11.80) (6.66) (10.85)

1960 55.43 16.69 38.74 37.82 −1.84 −7.14 0.67 9.22
(12.70) (8.52) (11.20)

1965 36.77 −22.80 59.56 38.82 2.50 −1.58 −0.66 20.49
(22.53) (16.36) (18.59)

Notes: Delta Y represents the total gap in earnings between mothers of one and mothers of two, Delta E represents the
part of the gap that can be explained by the observable factors in our model, Delta U is the part of the gap that cannot be
explained by any of these factors. The remaining columns break down the contribution to the explained gap into years of labor
market experience (experience and experience squared), years of marriage, education categories, demographic indicators
(race, ethnicity and foreign born) and age at first birth.

data and the ability to make cross cohort comparisons not present elsewhere in the

literature.

Robustness Checks

Here we discuss two robustness checks to our main decomposition of the earnings

gap between mothers and never-mothers. First, we explore the role of spousal

income. Men’s labor market outcomes have changed over time as has their role in

the household. Changing gender roles may change the relationship between men’s

and women’s earnings within a household. To explore this channel, we construct a

sub-sample of our data containing women who were married at the time of the main

SIPP survey. For their spouses, we have access to the same quality of earnings data

as we do for the women used in the analysis up to now. We measure the earnings

of spouses up until the woman was 43 years old.19 Details of the sub-sample and

regressions are presented in Table A-1.7 and A-1.8 in the appendix, respectively.

Overall, the sub-sample is approximately half the size of the full sample. The largest

declines in the sample for both mothers and never-mothers are in the youngest cohort

(who have had less time to become married) and the oldest cohort (who have had

19A limitation of this approach is that these men are not necessarily the fathers of the children of the
mothers in our sample. Indeed, the survey does not provide information on the fertility of men. An
alternative approach would involve keeping only matches in which the spouse was also indicated to
have been married to the woman at the time the children were born. However, this approach would
further reduce an already substantially smaller sample and ignore the fact that the current spouse
should be the person more likely to affect labor market outcomes.
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more time to see their marriages end). We lose a much larger share of never-mothers

among whom there were presumably more women who were never-married than

there were among mothers. Women in this sample generally have more labor market

experience and are more educated than the women in the full sample.

Spousal income, in thousands, is displayed in the second to last row in the table. It

is important to note that we do not see a clear pattern in terms of spousal income and

motherhood. Spousal income for mothers is higher than for never-mothers in four of

the five cohorts that we examine, however the gap is never larger than 5%. In the

sub-sample as a whole, spousal income is only about 2% higher for mothers. We also

see that spousal income increases monotonically across cohorts for never-mothers,

and in three of four cases for mothers.

Table A-1.8 displays the results from the regressions run to incorporate spousal

income into our decomposition analysis. The sign of the coefficient on spousal

income is theoretically ambiguous. Higher spousal income creates a positive income

effect, which would be expected to decrease women’s labor supply. At the same time,

spousal cumulative income is a proxy for assortative matching, which we expect

to be positive. The regression results reveal that spousal income is positive and

significant in nine of the ten regressions. The only exception to this is the estimate

for never-mothers in the 1965 cohort, which produces a small, insignificant negative

estimate for our smallest sample, consisting of just 113 observations. The positive

and significant coefficients are small in magnitude, ranging between 0.02 and 0.09.

In Table 1.5 we present estimates of the decomposition results obtained when

we control for spousal income. Unsurprisingly, given the small magnitude of the

estimated coefficients as well as the small differences in the mean value of the

variables between mothers and never-mothers, we do not find that spousal income

contributes to a large share of the explained gap. In fact, it never contributes to more

than 2% of the explained gap. We also note that in this sub-sample the total and

explained motherhood wage gaps have generally declined more slowly than in our

main sample, but that other patterns remain similar.

Finally, we explore potential non-linearity in returns to experience. It is possible

that absences from the labor market, and the correspondingly fewer years of labor

market experience, may have different impacts on cumulative earnings at different

points of the lifecycle. The effect is theoretically ambiguous. Accruing less experience
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Table 1.5: Results from Oaxaca Decomposition 4 (between Never-Mothers (base group) and
Mothers (Controlling for Spousal Income))

Cohort Delta Y Delta U Delta E Exp Educ Years Mar Demographics Spouse Inc.

1945 207.91 38.10 169.81 141.95 21.49 9.80 −0.66 −2.77
(15.69) (11.30) (14.97)

1950 195.45 33.19 162.26 135.47 20.09 9.62 −0.51 −2.41
(14.25) (11.33) (12.36)

1955 206.63 39.46 167.17 133.76 27.95 9.06 −4.15 0.55
(15.22) (14.53) (14.64)

1960 189.72 40.63 149.09 122.01 22.29 11.02 −4.57 −1.66
(19.59) (17.28) (19.26)

1965 152.86 −2.10 154.95 110.30 18.32 37.74 −10.63 −0.78
(44.70) (40.49) (41.90)

Notes: Delta Y represents the total gap in earnings between never-mothers and mothers, Delta E represents the part of the gap
that can be explained by the observable factors in our model, Delta U is the part of the gap that cannot be explained by any of
these factors. The remaining columns break down the contribution to the explained gap into years of labor market experience
(experience and experience squared), years of marriage, education categories, demographic indicators (race, ethnicity and
foreign born) and spousal income.

earlier in the lifecycle may affect a woman’s labor market trajectory more than

absence at a later age. On the other hand, absences at later ages, when earnings

are presumably higher, would be expected to have larger impacts on cumulative

earnings.

To explore this, we repeat the analysis in Table 1.2 allowing for a different treat-

ment of experience in the analysis. We now measure three separate experience

variables: years of experience between 18 and 26, years of experience between 27 and

34, and years of experience between 35 and 43. We continue to capture non-linear

returns to experience by measuring the square of total experience up to age 43. In

Table A-1.9, we see that never-mothers accrue more experience than mothers in all

cohorts in each experience cell. For both mothers and never-mothers, experience in

each cell increases between the youngest and oldest cohorts.

Surprisingly, the average level of experience for mothers, as well as never-mothers,

appears to exhibit a u-shaped pattern across the three experience bins. This pattern

would be expected if mothers are most likely to be absent from the labor market

between age 27 and 34, but is somewhat puzzling for never-mothers. However,

there is also a mechanical component to this relationship as the middle of the

three experience bins encompasses only eight years, while the other bins encompass

nine. When we recalculate average experience as a share of the potential maximum

experience in each bin, we find that experience always increases between the first and

second bin for never-mothers. In addition, experience as a share of total potential
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experience also increases between the second and third bin for four of the five cohorts

of never-mothers. The only exception to this is the youngest cohort, for whom there

is a decline between the second and third experience bin. It should be noted that our

only observations of labor markets in the great recession come from these youngest

women after they have turned 35. When we examine the experience patterns of

mothers, we see that the u-shaped pattern does indeed hold for the three earliest

cohorts, while average experience is monotonically increasing between the three

experience bins for the two most recent cohorts. This is consistent with our main

finding that increasing labor supply of mothers has helped to close the cumulative

earnings gap between mothers and never-mothers.

We now turn our attention to the coefficient estimates, presented in Table A-1.10

in the appendix. As with our main results, we see a u-shaped relationship between

experience and earnings. At first, this may appear to contradict the results from a

standard Mincer model. However, it is important to recall that we are estimating the

relationship between cumulative earnings and experience: an increasing marginal

effect of experience on cumulative earnings simply reflects that annual earnings

increase with experience. In Table A-1.11 we present the marginal effects of an

additional year of experience by the three experience bins as well as the marginal

effects from the first decomposition, in which all years of experience have a homoge-

neous return.20 We observe that the marginal effect of a year’s experience earned in

the youngest age bin is always less than the marginal effect of an additional year’s

experience earned at an older age for all cohorts, for both mothers and never-mothers.

A year’s experience in the middle category is typically the most valuable, possibly

because between ages 27 and 34 earnings have increased substantially over the

youngest category (a direct effect), while at the same time these women are still

young enough that the indirect effect of an absence from the labor force still has

a substantial effect. In addition, we see that the marginal return to experience for

the three age bins always increases between the youngest and oldest cohort for both

mothers and never-mothers.
20The relationship between earnings and experience in the age heterogeneity model can be expressed

as y = βa × xa + βb × xb + βc × xc + β2 × (xa + xb + xc)2 and thus the marginal effect for each j in a,b,c

age category can be expressed as ∂y
∂xj

= βj + 2×β2 × (xa + xb + xc). We evaluate each marginal effect at

the mean of each experience variable.
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Table 1.6: Results from Oaxaca Decomposition 5 (between Never-Mothers (base group) and
Mothers (Controlling for Age-Experience Interactions))

Cohort Delta Y Delta U Delta E Exp Educ Years Mar Demographics

1945 220.43 36.73 183.71 152.43 27.34 4.14 −0.21
(9.32) (6.46) (9.25)

1950 200.15 36.98 163.17 131.41 31.07 0.09 0.60
(11.96) (7.80) (10.88)

1955 189.95 28.80 161.15 128.05 32.39 1.54 −0.83
(12.65) (8.89) (12.11)

1960 165.67 43.12 122.55 95.98 34.68 −9.37 1.26
(13.02) (10.31) (13.58)

1965 157.88 22.23 135.65 104.13 25.95 12.55 −6.98
(22.23) (20.49) (23.71)

Note: Delta Y represents the total gap in earnings between never-mothers and mothers, Delta E represents the part of the gap
that can be explained by the observable factors in our model, Delta U is the part of the gap that cannot be explained by any of
these factors. The remaining columns break down the contribution to the explained gap into years of labor market experience
(experience squared and experience interacted with age bins), years of marriage, education categories, demographic indicators
(race, ethnicity and foreign born) and age at first birth.

Finally, Table 1.6 presents the decomposition estimates when experience is con-

trolled for in the more flexible way described above. While the above discussion

demonstrates that there clearly is some heterogeneity by age in both when experience

is earned as well as the returns to this experience, the decomposition suggests that

accounting for this heterogeneity does not substantially affect our results.

1.5 Discussion

Overall, the above evidence points to the gap in labor market experience as the

main driver of the gap between never-mothers and mothers in families of all sizes,

consistent with the prior literature (Korenman & Neumark, 1992). Moreover, we find

that experience is also the key factor which explains the change in the family gap over

time. This is consistent with the finding in Lundberg and Rose (2000) that differences

in experience explain nearly all of the family gap. When comparing our oldest and

youngest cohorts, we find a decline in the motherhood gap of approximately $62,000,

$47,000 of which is attributed to experience in our decomposition. Experience gaps

can have both direct effects in the short run (direct earnings loss during absences

from the labor market) as well as additional indirect effects in the long run (lower

earnings on account of less accumulated experience after returning to the labor

market). Our results provide evidence regarding which effect is larger in our data:

we also observe a decline in the experience gap at age 43 of 1.4 years (from 3.2 to 1.8)
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between these two cohorts. The average annual earnings of mothers in the youngest

cohort were approximately $25,000. Thus, we can attribute $35,000, or nearly three

quarters, of the effect of experience directly to earnings lost during absences from

the labor market.

While other factors, such as educational attainment, are certainly important

predictors of the family gap, the magnitude is only a fourth that of the loss of

experience. Some of this increase in labor force participation of mothers may be

attributable to increasing returns to experience (Olivetti, 2006). Accordingly, the

most effective way to reduce the family gap, and by extension a good way to reduce

the gender gap in earned income, is to implement labor market policies which

are aimed at reducing the “cost” of working while also raising children as well

as decreasing firms’ ability to discriminate against female workers on account of

childbearing. These policies may include direct payments from the government to

the individual such as a child-care tax credit or policies which mandate or incentivize

employers to offer family-friendly workplace programs such as paid maternity leave,

flexible work schedules, job sharing, or telecommuting, among others. In a study of

paid maternity leave and job protection laws in the UK, Stearns (2016) finds positive

effects on short term employment for both types of laws, as well as positive impacts

on long-term employment from job protection laws. However, Stearns (2016) also

documents a decline in the probability of holding a management occupation for

women following the enactment of these laws. Anti-discrimination policies, such as

the 1978 Pregnancy Discrimination Act, have also been found to increase labor force

participation (Mukhopadhyay, 2012).

Although several states have recently passed family leave policies, the first (Cali-

fornia) policy was not implemented until 2004 (Bana, Bedard, & Rossin-Slater, 2017).

The year in which the first paid leave policy became available was also the year in

which our youngest cohort turned 36. Thus, there is effectively no variation in our

sample which allows us to study the effects of paid leave policies. So while we can

confidently say that the convergence in the family gap that we illustrate above is not

driven by such policies, recent evidence from Bana et al. (2017) suggests this is a

useful policy lever to potentially reduce the maternal wage gap.

It is useful to provide some context to our main estimates before we conclude.

First, it is important to note that the gap in lifetime earnings between mothers
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and never-mothers has decreased over time. At the same time, it is also important

to recognize that the persisting gap still represents several years of earnings and

is attributable to direct lost earnings from labor market absences as well as from

indirect effects from lost experience during labor market absences.

A comparison in changes in our estimates of the implicit costs of motherhood

are also contextualized with a comparison to estimates in changes of the explicit

costs of motherhood. As mentioned earlier, USDA estimates of the explicit costs

of raising a child have risen substantially since this figure was first computed in

1960. The annual average increase in the real cost of a child has been around 0.4%.

Interpolating between 1960 and the most recent estimate, and extrapolating back

to 1945, we estimate that the explicit cost of raising a child increased by around

$16,000 between our oldest and youngest cohorts. This is smaller than our point

estimates of the decrease in the implicit costs of raising a child, though these are not

estimated precisely enough to reject a null hypothesis of no overall change in the

cost of raising a child. This provides evidence that decreases in fertility are driven by

a decreased taste for childrearing, rather than by increased costs. However, this does

not suggest that it is not important to explore enacting policies that will decrease

the cost of raising children. Indeed, if policy makers wish to increase fertility in the

developed world at the same time that tastes and preferences are leading couples to

have fewer children, it is necessary for policy makers to lower the cost of raising a

child.

1.6 Conclusion

In this paper we provide arguably the most comprehensive evidence of how the

family gap and the factors which influence it has evolved over time in the United

States. The figures presented above provide a detailed picture of the implicit costs of

having a child. An understanding of which factors drive the family gap, and how

these have changed over time, is important for both researchers (the family gap is a

large contributor to the gender pay gap) and policymakers (knowing which factors

are important allows for better targeting of labor market policies).

We utilize a unique panel dataset which links a traditional labor market survey,

the Survey of Income and Program Participation (SIPP) to over 50 years of adminis-
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trative earnings records. This allows us to follow individuals for decades before and

after they appeared in the SIPP, and enables us to trace out lifecycle earnings paths

for multiple birth cohorts.

Comparing cumulative earnings for all birth cohorts up to age 43 (the oldest age

at which we have data from all cohorts) in the lifecycle, we find that the indirect

costs of having children have dropped along several different margins. Comparing

mothers and never-mothers, we find a gap of $220,000 for our earliest cohort, born

between 1945 and 1949, compared to less than $160,000 for the cohorts born twenty

years later. We observe the labor market earnings of our oldest cohort all the way

into their early 60’s and see that the family gap grows to approximately $350,000

as this cohort nears retirement. If we project lifecycle returns of our most recent

cohort out to this point, we would expect the family gap to have declined to around

$282,000. Additionally, an analysis of cumulative earnings gaps to age 43 between

mothers of one child and mothers of two children reveals a decline in the gap from

around $78,000 for the oldest cohorts to around $37,000 for the youngest cohorts,

though these gaps are less precisely estimated than the gaps between all mothers

and never-mothers.

We then decompose the sources of the family gap to explore the relative con-

tribution of various factors, including years of marriage, educational attainment,

years of labor market experience and some demographic control variables. For each

cohort, these variables always explain nearly three quarters of the gap. In addition,

over 80% of the change in this gap between the oldest and youngest cohorts can be

explained by variables in our model, with changes in labor force participation by

far the best explanation for the declining gap. Whether we examine the family gap

within a cohort, or the change in the gap across cohorts, labor market experience

is the dominant factor. From a policy perspective, the results clearly point to labor

market policies that increase the labor force participation of mothers as the most

effective way to reduce the family gap.

Data Descriptions

The main data source for this project was the SIPP Synthetic Beta (SSB). The data

merges nine panels of the Survey of Income and Program Participation with Social
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Security administrative earnings records. A more detailed description of the data is

given in the Data section of the paper. A full citation of the data is available in the

references. More information on this dataset is available at

https://www.census.gov/programs-surveys/sipp/guidance/sipp-synthetic-beta-data-

product.html

We also reference data from IPUMS-USA census micro sample. A full citation of

the data is available in the references. More information on this dataset is available

at https://usa.ipums.org/usa/.
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Appendix: Tables

Table A-1.1: Decomposition 1: Variable Means

Never Mothers Mothers

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp 18.95 19.82 20.31 20.45 20.71 15.77 17.23 17.81 18.47 18.93
Exp2 412.08 441.48 459.24 463.15 476.43 302.43 349.08 370.35 392.45 406.79
High School Graduate 0.27 0.24 0.24 0.23 0.21 0.36 0.33 0.31 0.29 0.27
Some College 0.31 0.32 0.34 0.37 0.38 0.31 0.34 0.36 0.38 0.37
College Graduate 0.35 0.38 0.37 0.35 0.36 0.21 0.23 0.22 0.24 0.28
Hispanic 0.05 0.04 0.05 0.06 0.10 0.08 0.09 0.10 0.11 0.14
Foreign Born 0.09 0.07 0.09 0.09 0.11 0.11 0.12 0.13 0.15 0.17
Years Married 10.21 9.20 8.58 7.41 6.56 18.48 17.48 16.45 15.20 14.53
Race Black 0.11 0.10 0.12 0.12 0.15 0.12 0.14 0.14 0.15 0.14

Table A-1.2: Decomposition 1: Parameter Details

Never Mothers Mothers

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp −11.77 −16.41 −18.92 −13.86 −25.01 −5.67 −9.50 −12.94 −14.75 −17.80
(2.77) (3.19) (3.97) (4.78) (9.03) (0.78) (1.03) (1.25) (1.71) (3.83)

Exp2 1.73 1.88 1.92 1.74 2.15 1.29 1.45 1.57 1.67 1.80
(0.09) (0.10) (0.12) (0.15) (0.28) (0.03) (0.03) (0.04) (0.05) (0.12)

High School Graduate 65.97 42.24 22.04 31.53 26.60 42.68 34.68 34.80 18.81 25.01
(19.75) (23.74) (30.24) (35.23) (76.61) (4.62) (6.52) (7.82) (10.87) (22.99)

Some College 115.87 87.27 85.38 125.50 98.20 66.86 67.89 65.75 62.13 52.35
(21.34) (22.08) (30.05) (38.13) (70.42) (5.34) (6.50) (11.02) (10.50) (23.34)

College Graduate 223.74 231.10 236.71 315.94 328.97 141.44 177.87 213.51 260.42 294.28
(19.31) (21.39) (30.36) (37.47) (69.07) (6.49) (8.94) (9.08) (13.23) (23.78)

Hispanic −16.06 −5.93 −15.67 −10.31 −32.87 −14.32 −7.08 −0.19 1.42 7.88
(21.61) (24.16) (25.90) (30.66) (48.90) (6.16) (7.44) (9.03) (10.14) (19.06)

Foreign Born 82.13 69.43 103.72 71.36 168.55 55.48 69.10 73.07 84.21 111.51
(16.97) (20.20) (24.86) (27.83) (56.00) (5.08) (6.54) (9.22) (9.05) (17.88)

Years Married −0.98 −0.42 −0.64 0.58 −1.68 −1.19 −1.02 −1.20 −0.32 −0.64
(0.54) (0.51) (0.70) (0.93) (1.77) (0.24) (0.26) (0.33) (0.38) (0.75)

Race Black −8.20 −41.97 −53.38 −49.74 −21.33 −8.99 −5.27 −20.93 −28.80 −39.02
(17.86) (16.18) (19.35) (25.00) (39.45) (4.73) (5.52) (6.30) (9.16) (18.36)

Constant −56.58 −36.42 −10.32 −69.19 −32.10 −7.77 −13.43 −3.61 −19.54 −26.59
(23.14) (26.26) (37.75) (45.70) (79.66) (8.00) (9.48) (12.56) (16.34) (37.85)

n 3350 3597 2805 2079 577 18503 16731 12889 9180 2782
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Table A-1.3: Decomposition 2: Variable Means

Never Mothers Mothers of 1

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp 18.95 19.82 20.31 20.45 20.71 17.91 19.10 19.37 19.90 20.28
Exp2 412.08 441.48 459.24 463.15 476.43 373.21 413.06 422.55 442.57 454.91
High School Graduate 0.27 0.24 0.24 0.23 0.21 0.33 0.31 0.31 0.29 0.27
Some College 0.31 0.32 0.34 0.37 0.38 0.33 0.36 0.37 0.40 0.37
College Graduate 0.35 0.38 0.37 0.35 0.36 0.26 0.26 0.26 0.26 0.32
Hispanic 0.05 0.04 0.05 0.06 0.10 0.05 0.06 0.06 0.08 0.10
Foreign Born 0.09 0.07 0.09 0.09 0.11 0.10 0.10 0.11 0.14 0.16
Years Married 10.21 9.20 8.58 7.41 6.56 15.95 15.10 13.98 12.67 11.88
Race Black 0.11 0.10 0.12 0.12 0.15 0.13 0.15 0.15 0.15 0.17

Table A-1.4: Decomposition 2: Parameter Details

Never Mothers Mothers of 1

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp −11.77 −16.41 −18.92 −13.86 −25.01 −8.29 −8.17 −15.66 −13.27 −12.93
(2.77) (3.19) (3.97) (4.78) (9.03) (2.31) (2.95) (3.75) (4.48) (9.18)

Exp2 1.73 1.88 1.92 1.74 2.15 1.48 1.50 1.73 1.72 1.73
(0.09) (0.10) (0.12) (0.15) (0.28) (0.08) (0.09) (0.12) (0.14) (0.28)

High School Graduate 65.97 42.24 22.04 31.53 26.60 58.65 33.41 44.55 0.22 9.71
(19.75) (23.74) (30.24) (35.23) (76.61) (16.57) (18.68) (28.66) (30.55) (68.41)

Some College 115.87 87.27 85.38 125.50 98.20 94.73 80.93 88.95 56.04 52.20
(21.34) (22.08) (30.05) (38.13) (70.42) (15.63) (18.68) (30.28) (30.22) (66.40)

College Graduate 223.74 231.10 236.71 315.94 328.97 190.10 211.19 247.80 263.83 275.88
(19.31) (21.39) (30.36) (37.47) (69.07) (18.13) (19.56) (27.22) (34.26) (72.55)

Hispanic −16.06 −5.93 −15.67 −10.31 −32.87 1.18 2.27 15.70 0.81 38.75
(21.61) (24.16) (25.90) (30.66) (48.90) (19.77) (19.26) (27.38) (28.64) (49.59)

Foreign Born 82.13 69.43 103.72 71.36 168.55 58.42 83.90 85.78 87.23 124.51
(16.97) (20.20) (24.86) (27.83) (56.00) (14.52) (17.11) (23.03) (22.37) (44.95)

Years Married −0.98 −0.42 −0.64 0.58 −1.68 −0.49 −0.22 0.04 1.84 0.22
(0.54) (0.51) (0.70) (0.93) (1.77) (0.52) (0.63) (0.75) (0.94) (1.78)

Race Black −8.20 −41.97 −53.38 −49.74 −21.33 −6.23 1.95 −1.85 −16.13 −8.04
(17.86) (16.18) (19.35) (25.00) (39.45) (13.91) (12.38) (16.50) (19.93) (38.19)

Constant −56.58 −36.42 −10.32 −69.19 −32.10 −50.16 −65.83 −43.63 −75.27 −107.13
(23.14) (26.26) (37.75) (45.70) (79.66) (21.47) (28.31) (37.67) (45.52) (94.32)

n 3350 3597 2805 2079 577 3297 3342 2614 1908 601
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Table A-1.5: Decomposition 3: Variable Means

Mothers of 1 Mothers of 2

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp 17.91 19.10 19.37 19.90 20.28 16.56 17.96 18.67 19.16 19.53
Exp2 373.21 413.06 422.55 442.57 454.91 323.37 370.21 396.24 414.75 426.67
High School Graduate 0.33 0.31 0.31 0.29 0.27 0.36 0.33 0.31 0.28 0.25
Some College 0.33 0.36 0.37 0.40 0.37 0.33 0.34 0.37 0.38 0.39
College Graduate 0.26 0.26 0.26 0.26 0.32 0.24 0.26 0.25 0.27 0.30
Hispanic 0.05 0.06 0.06 0.08 0.10 0.05 0.06 0.07 0.08 0.12
Foreign Born 0.10 0.10 0.11 0.14 0.16 0.09 0.10 0.11 0.13 0.16
Years Married 15.95 15.10 13.98 12.67 11.88 18.93 17.89 16.86 15.73 15.08
Race Black 0.13 0.15 0.15 0.15 0.17 0.09 0.12 0.12 0.12 0.11
Age At First Birth 25.87 26.59 27.01 27.10 27.56 23.52 23.86 24.34 24.78 25.18

Table A-1.6: Decomposition 3: Parameter Details

Mothers of 1 Mothers of 2

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp −8.15 −7.83 −14.84 −12.69 −11.55 −3.71 −8.15 −11.73 −13.18 −13.30
(2.30) (2.92) (3.78) (4.44) (8.93) (1.29) (1.82) (2.31) (3.09) (6.26)

Exp2 1.48 1.49 1.70 1.70 1.68 1.25 1.42 1.55 1.63 1.67
(0.08) (0.09) (0.12) (0.14) (0.27) (0.04) (0.06) (0.07) (0.10) (0.19)

High School Graduate 56.57 31.44 39.23 −4.80 −2.28 46.71 33.11 22.05 25.17 51.34
(16.53) (18.55) (27.55) (30.62) (66.11) (9.12) (11.46) (14.93) (20.44) (42.78)

Some College 90.14 75.69 79.98 46.55 28.77 60.57 59.51 41.99 65.36 46.87
(15.98) (18.67) (28.26) (30.35) (64.44) (9.33) (11.82) (14.98) (18.96) (43.46)

College Graduate 179.77 197.74 228.10 239.91 218.74 122.60 159.04 182.54 237.49 257.76
(18.09) (19.50) (27.22) (34.23) (68.46) (9.67) (13.25) (17.72) (22.16) (46.25)

Hispanic −0.15 1.55 12.46 2.46 30.31 −12.54 −7.27 −0.08 28.79 −10.45
(19.86) (19.20) (26.93) (28.18) (49.79) (10.49) (15.02) (14.68) (17.31) (29.78)

Foreign Born 55.86 80.10 81.16 79.43 113.73 53.61 72.69 74.31 73.22 96.94
(14.74) (16.96) (22.94) (22.74) (44.86) (8.77) (9.56) (14.11) (14.68) (28.22)

Years Married −0.31 0.05 0.47 2.32 0.49 −1.07 −0.41 −0.41 0.04 −0.64
(0.52) (0.65) (0.74) (0.96) (1.70) (0.36) (0.45) (0.56) (0.69) (1.31)

Race Black −2.02 7.45 3.69 −8.59 1.27 9.34 6.95 −0.55 −11.78 −27.64
(14.37) (12.60) (16.20) (20.08) (37.46) (7.83) (9.51) (11.15) (17.26) (39.95)

Age At First Birth 2.05 2.60 3.11 3.97 8.60 2.60 4.03 6.09 7.65 9.46
(0.77) (0.75) (1.12) (1.13) (2.09) (0.60) (0.61) (0.72) (0.97) (1.77)

Constant −102.65 −135.10 −126.48 −178.08 −322.40 −79.92 −126.25 −156.55 −229.82 −287.87
(28.58) (37.68) (48.69) (54.34) (107.47) (19.17) (23.66) (27.16) (36.22) (78.83)

n 3297 3342 2614 1908 601 7755 7200 5532 3890 1148
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Table A-1.7: Decomposition 4: Variable Means

Never Mothers Mothers

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp 19.28 20.12 20.81 21.08 21.04 16.20 17.43 17.98 18.56 18.54
Exp2 416.48 451.07 473.94 483.40 479.45 313.04 354.76 376.85 396.57 396.86
High School Graduate 0.27 0.26 0.24 0.23 0.18 0.34 0.32 0.31 0.28 0.25
Some College 0.31 0.31 0.33 0.36 0.35 0.31 0.33 0.34 0.36 0.34
College Graduate 0.39 0.40 0.40 0.37 0.42 0.26 0.27 0.27 0.29 0.34
Hispanic 0.03 0.04 0.05 0.05 0.12 0.06 0.07 0.09 0.10 0.13
Foreign Born 0.09 0.08 0.10 0.10 0.13 0.09 0.11 0.13 0.16 0.20
Years Married 15.70 15.57 14.85 13.78 13.41 20.12 19.95 19.01 18.34 17.77
Race Black 0.07 0.05 0.07 0.08 0.07 0.07 0.08 0.08 0.09 0.07
Spouse Income 912.94 954.68 1026.99 1052.17 1060.97 958.42 989.62 1020.64 1071.92 1069.04

Table A-1.8: Decomposition 4: Parameter Details

Never Mothers Mothers

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp −12.14 −16.21 −12.86 −12.00 −19.01 −6.42 −9.75 −11.90 −14.18 −13.78
(6.99) (6.05) (7.33) (8.89) (24.94) (1.34) (1.42) (1.67) (2.39) (5.65)

Exp2 1.73 1.86 1.75 1.75 1.91 1.32 1.46 1.56 1.69 1.78
(0.21) (0.19) (0.21) (0.27) (0.70) (0.04) (0.04) (0.05) (0.07) (0.18)

High School Graduate 76.31 19.72 15.34 10.63 −76.76 48.94 26.43 24.00 15.47 35.65
(55.44) (48.01) (62.35) (67.37) (170.83) (10.00) (9.67) (11.24) (15.52) (41.37)

Some College 122.73 55.77 46.90 106.69 21.03 68.62 48.21 49.92 47.15 24.43
(53.39) (48.99) (58.41) (63.97) (162.92) (9.41) (9.94) (14.05) (16.78) (41.78)

College Graduate 213.99 172.68 221.09 285.41 179.06 142.09 154.84 188.51 242.33 245.29
(55.08) (50.42) (61.19) (64.38) (171.32) (11.57) (11.48) (12.50) (18.35) (41.81)

Hispanic −6.64 −12.09 −11.92 −43.56 −165.11 −5.54 −14.41 −1.00 4.93 −2.74
(54.08) (41.58) (46.22) (70.62) (121.90) (10.01) (9.97) (11.33) (13.65) (35.33)

Foreign Born 88.72 62.86 139.23 102.66 193.92 68.59 88.49 84.52 105.26 154.93
(45.69) (34.40) (41.33) (47.90) (129.60) (8.88) (8.69) (11.00) (13.63) (31.79)

Years Married −2.20 −2.19 −2.18 −2.41 −8.74 −2.00 −2.52 −3.77 −2.34 −6.97
(1.31) (1.20) (1.40) (2.06) (4.89) (0.53) (0.48) (0.50) (0.73) (1.65)

Race Black −0.98 −51.34 −51.89 42.08 92.33 7.61 14.19 −2.01 −16.98 −7.00
(39.05) (40.63) (47.56) (45.72) (151.65) (9.34) (8.51) (10.90) (15.68) (37.78)

Spouse Income 0.06 0.07 0.08 0.09 0.00 0.02 0.03 0.04 0.05 0.06
(0.02) (0.02) (0.02) (0.02) (0.06) (0.01) (0.00) (0.01) (0.01) (0.02)

Constant −94.05 −38.82 −83.92 −136.63 188.06 −18.61 −4.45 10.87 −42.13 −13.39
(69.62) (60.44) (85.46) (100.63) (341.45) (15.22) (16.24) (18.61) (25.99) (68.06)

n 785 1131 1036 727 113 7032 9346 8028 5548 1028
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Table A-1.9: Decomposition 5: Variable Means

Never Mothers Mothers

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp 18 to 26 6.26 6.58 6.66 6.65 6.92 5.30 5.80 5.94 6.00 6.26
Exp 27 to 34 5.88 6.14 6.37 6.49 6.57 4.45 4.96 5.26 5.65 5.86
Exp 35 to 43 6.81 7.10 7.28 7.31 7.22 6.01 6.47 6.61 6.82 6.81
Exp2 412.08 441.48 459.24 463.15 476.43 302.43 349.08 370.35 392.45 406.79
High School Graduate 0.27 0.24 0.24 0.23 0.21 0.36 0.33 0.31 0.29 0.27
Some College 0.31 0.32 0.34 0.37 0.38 0.31 0.34 0.36 0.38 0.37
College Graduate 0.35 0.38 0.37 0.35 0.36 0.21 0.23 0.22 0.24 0.28
Hispanic 0.05 0.04 0.05 0.06 0.10 0.08 0.09 0.10 0.11 0.14
Foreign Born 0.09 0.07 0.09 0.09 0.11 0.11 0.12 0.13 0.15 0.17
Years Married 10.21 9.20 8.58 7.41 6.56 18.48 17.48 16.45 15.20 14.53
Race Black 0.11 0.10 0.12 0.12 0.15 0.12 0.14 0.14 0.15 0.14

Table A-1.10: Decomposition 5: Parameter Details

Never Mothers Mothers

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp 18 to 26 −28.15 −34.97 −40.76 −40.24 −44.70 −13.79 −19.65 −25.10 −28.88 −36.67
(3.23) (3.64) (4.83) (6.04) (12.69) (1.06) (1.24) (1.61) (2.34) (4.67)

Exp 27 to 34 −7.99 −13.00 −11.37 −10.96 −19.29 −4.28 −5.04 −7.66 −8.44 −12.12
(3.74) (3.81) (5.38) (6.19) (11.38) (1.02) (1.31) (1.63) (2.12) (4.42)

Exp 35 to 43 −9.77 −13.40 −20.59 −11.11 −22.97 −3.55 −8.28 −12.02 −16.36 −15.32
(3.24) (3.68) (4.60) (5.53) (11.64) (0.83) (1.19) (1.38) (1.89) (4.52)

Exp2 1.81 1.98 2.07 1.93 2.25 1.32 1.47 1.61 1.74 1.87
(0.09) (0.09) (0.12) (0.16) (0.29) (0.03) (0.03) (0.04) (0.05) (0.12)

High School Graduate 71.83 49.76 33.77 40.11 36.69 46.12 38.46 40.58 26.14 31.78
(19.13) (24.55) (29.94) (34.74) (74.06) (4.60) (6.63) (7.81) (10.78) (23.33)

Some College 122.19 96.86 100.75 137.63 110.15 73.28 74.83 74.70 74.18 61.28
(20.69) (22.49) (30.43) (36.53) (67.51) (5.41) (6.44) (11.28) (10.55) (23.10)

College Graduate 230.85 238.25 248.08 324.43 332.91 149.61 185.73 223.21 272.83 308.80
(19.24) (21.79) (30.32) (35.82) (67.19) (6.70) (8.65) (9.26) (12.88) (23.31)

Hispanic −17.16 −9.72 −18.88 −16.70 −41.37 −13.73 −8.46 −3.65 −2.52 −3.50
(21.32) (25.23) (25.41) (31.98) (48.83) (6.12) (7.34) (8.64) (10.08) (18.57)

Foreign Born 48.03 31.09 67.72 24.94 130.98 37.62 46.09 45.60 54.58 55.12
(17.81) (20.77) (24.48) (29.60) (60.36) (5.24) (6.87) (9.26) (9.98) (19.36)

Years Married −0.50 −0.01 −0.20 1.20 −1.58 −1.23 −0.99 −1.08 −0.06 −0.16
(0.53) (0.52) (0.71) (0.90) (1.75) (0.24) (0.25) (0.33) (0.38) (0.77)

Race Black −13.48 −44.43 −57.11 −64.34 −25.85 −12.18 −9.83 −29.27 −37.55 −51.00
(18.28) (15.47) (19.29) (25.36) (39.89) (4.67) (5.29) (6.36) (9.19) (18.11)

Constant −31.35 −6.63 20.70 −31.55 2.64 5.48 5.66 16.58 2.73 9.07
(22.35) (25.99) (38.30) (44.73) (81.77) (8.17) (9.53) (12.45) (16.51) (37.48)

n 3350 3597 2805 2079 577 18503 16731 12889 9180 2782
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Table A-1.11: Marginal Effects of Experience by Age Category (From Decomposition 5)

Never Mothers Mothers

1945 1950 1955 1960 1965 1945 1950 1955 1960 1965

Exp 18 to 26 40.45 43.52 43.32 38.70 48.50 27.82 31.01 32.25 35.40 34.13
Exp 27 to 34 60.61 65.49 72.71 67.98 73.91 37.33 45.62 49.69 55.84 58.68
Exp 35 to 43 58.83 65.09 63.49 67.83 70.23 38.06 42.38 45.33 47.92 55.48

Average (Decomp. 1) 53.80 58.11 59.07 57.31 64.04 35.02 40.47 42.98 46.94 50.35
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CHAPTER 2 Introduction

2.1 Introduction

What accounts for the gender achievement gap in mathematics? The literature offers

two main explanations for the existence of the gender gap in mathematics achieve-

ment. The proponents of biological theories argue that gender differences in brain

composition (Cahill, 2005), hormone levels (Davison & Susman, 2001), or spatial

ability (Kucian et al., 2005) produce the gap.1 The other body of research attributes

the gender gap in mathematics achievement to a complex variety of sociocultural

factors rather than biological differences. Societal or cultural explanations for the

gender gap focus on two possibilities. First, boys and girls might differ in terms of

their educational inputs that affect mathematics performance. Second, although girls

have the same observed characteristics as boys, they might be affected by those char-

acteristics differently (Dickerson et al., 2015). For instance, boys may benefit from

family and school resources more than girls due to the stereotype that mathematics

is a male domain.

Using data from the 2012 Program for International Student Assessment (PISA)

across 56 countries, this study aims to examine the link between societal gender

inequalities and the gender test score gap in mathematics. To this end, we employ a

novel two-stage empirical strategy in which the first stage involves decomposing the

gender mathematics gap into a part that is explained by gender differences in observ-

able characteristics and a part that remains unexplained. We use a semiparametric

Oaxaca-Blinder (OB) decomposition to analyze the gap in each country individually.

In the second stage, we investigate whether the decomposition components of the

gap are systematically related to country-level gender inequality measures.

The decomposition method employed in the first stage allows us to explore the

following three questions: (i) Can the gap be explained by differences in observed

characteristics across genders? If so, we can conclude that males and females with

comparable characteristics are equally likely to obtain similar mathematics test scores.

(ii) To what extent can differences in returns to these characteristics between females

and males account for the gender gap? Girls may have a particular disadvantage

with converting educational inputs into higher mathematics test scores. For example,

1Ceci, Williams, and Barnett (2009) provide an extensive review of studies that focus on biological
explanations. They point out that biological evidence in this domain is inconsistent and sometimes
contradictory.
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parents may treat their sons and daughters differentially. This differential treatment

could arise from stereotypical thinking such as believing that “girls just cannot do

mathematics, language is for girls and mathematics is for boys”. Tiedemann (2000)

and Jacobs and Eccles (1992) provide evidence that parents’ gender-stereotyped

beliefs about their children’s competence in mathematics may influence children’s

self-perceptions of ability in mathematics and hence their mathematics achievement.

Differential teacher attention to boys and girls in the classroom might serve as a

second example. It could, for instance, be the case that mathematics teachers discrim-

inate against girls due to stereotypes about female inferiority in mathematics. The

last question we explore is: (iii) Does the relationship between societal level female

empowerment and the international variation in the gender gap vary across the

test score distribution? For example, is this relationship more (or less) pronounced

among high achievers?

We apply a propensity score matching method to decompose the gender gap

into an explained and an unexplained part for each country. This semiparametric

decomposition does not specify any functional form assumptions on outcome equa-

tions, imposes a common support restriction, and makes it possible to account for

heterogeneity across individuals by estimating the counterfactual outcome for each

individual separately (Heckman et al., 1999; Imbens, 2004).2

The semiparametric OB decomposition results indicate that the mean gender test

score gap in mathematics is statistically significant in 42 out of 56 countries. Girls

do not significantly outperform boys in any country while the statistically significant

gap in favor of boys varies considerably from 6.82 points in Indonesia to 30.75 points

in Austria. The explained part of the gap is statistically insignificant in 34 countries,

suggesting that the gap cannot be accounted for by gender differences in observed

characteristics in most countries. The unexplained part of the gap exhibits a different

pattern. It is statistically significant in 42 countries, providing evidence that boys

and girls, exposed to the same family, school, and societal influences are affected by

those factors differently. The second-stage results of our empirical analysis can be

summarized as follows. Contrary to several previous studies that examine to what

extent can cross-country variation in the gender gap in mathematics be predicted

2Gevrek and Seiberlich (2014) employ this method to examine the gender PISA test score gap in math-
ematics/science in Turkey. They discuss the advantages of the semiparametric OB decomposition
over the standard OB decomposition in detail.

–44–



CHAPTER 2 Literature review

by indicators of societal gender equity (Baker & Jones, 1993; Riegle-Crumb, 2005;

Guiso et al., 2008), we find that the gap is not statistically significantly associated

with the indicators of gender inequality, but the unexplained part of the gap is. In

more gender-equal countries, the unexplained part of the gap favoring boys appears

smaller. This finding demonstrates the importance of decomposing the gap into an

explained and an unexplained part. Moreover, we find that the relationship between

the unexplained part of the gap and the societal gender inequality varies within the

test score distribution, and tends to become less pronounced at the upper end of the

distribution.

The remainder of this paper is organized as follows. The next section gives an

overview of the relevant literature. Section 3 describes the data and variables used

in the empirical analysis. Section 4 introduces the semiparametric OB decomposi-

tion employed to investigate the gender PISA test score gap in mathematics across

countries. Section 5 presents results from the empirical analysis with a discussion on

robustness checks and Section 6 concludes.

2.2 Literature review

A number of studies investigate the nature of the relationship between gender

equality and the variation in the gender mathematics test score gap across countries

to illuminate the role of societal factors in explaining gender differences in academic

achievement. Using the Second International Mathematics Study (SIMS) microdata

on 77,000 eighth-graders from 19 countries, Baker and Jones (1993) examine the link

between the gender mathematics score gap and cross-country differences in gender

equity. The authors argue that childhood academic performance might be shaped

by anticipated future occupational and educational opportunities. A female student

who does not foresee high future returns to mathematics competency may not invest

in mathematics skills. Baker and Jones (1993) find that the cross-country gender

mathematics test score gap is correlated with the level of gender equity in higher

education and labor market.3

3Baker and Jones (1993) use the following indicators of gender equity: percentage of females in
higher education; ratio of female university to non-university higher education programs; percentage
of females in the labor force (as a percentage of the total labor force); percentage of females in
the industrial, service, agricultural sectors of the labor force; occupational segregation of women
(computed as the natural logarithm of the odds ratio of the sexes belonging to high-or low-status
occupations).
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In their well-publicized study, Guiso et al. (2008) examine the gender mathematics

gap using the 2003 Programme for International Student Assessment (PISA) data

set on 276,165 fifteen year-olds from 40 countries. Their findings indicate that the

mean gender gap in mathematics is significantly correlated with country measures

of gender equality. To assess gender equality, they use the following four indicators:

(i) the World Economic Forum’s Gender Gap Index (GGI), which reflects economic

and political opportunities, education and well-being for women; (ii) the index for

cultural societal attitudes for women based on the World Values Surveys (WVSs);

(iii) female economic activity rate as measured by various labor supply indicators for

women aged 15 or older; and (iv) the political empowerment index computed by the

World Economic Forum. Guiso et al. (2008) provide evidence that gender differences

in mathematics achievement are smaller in more gender-equal countries. Employing

the same empirical strategy as in Guiso et al. (2008), Fryer and Levitt (2010), on the

other hand, show that the correlation between the gender mathematics gap and the

GGI does not hold across countries taking part in the 2003 Trends in International

Mathematics and Science Study (TIMSS).

Using an epidemiological approach, Nollenberger et al. (2016) confirm the find-

ings of Guiso et al. (2008).4 Nollenberger et al. (2016) focus on second-generation

immigrant children who were born and raised in their respective host countries.

These second-generation immigrants share host country institutions and environ-

ment; however, they differ in terms of their ancestry. Using the PISA (2003, 2006,

2009, and 2012) data sets on 12,027 second-generation immigrant children from

45 different countries who reside in 12 host countries, Nollenberger et al. (2016)

find that lower gender equality in the country of ancestry is associated with a higher

gender mathematics gap for second-generation immigrant children, suggesting that

culture matters for the gender mathematics test score gap.

In the developing country context, Dickerson et al. (2015) examine the determi-

nants of the gender mathematics test score gap across 19 African countries. They find

that almost half of the cross-country variation in the gap is explained by differences

in women’s role in society as proxied by the fertility rate in a country.

Using the National Assessment Educational Process (NAEP) data from the United

States, Pope and Sydnor (2010) indicate that there is a large and statistically signifi-

4Please see Fernández and Fogli (2009) and Gevrek et al. (2013) for more information on the epidemi-
ological approach.
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cant variation in gender gaps in standardized test scores for eighth-graders scoring

at the top percentiles across states and census divisions. The authors find that

in areas where men and women are viewed as more equal, gender disparities are

smaller in both stereotypically male-dominated tests of mathematics and science

and stereotypically female-dominated tests of reading.

2.3 Data and Descriptive Statistics

We use data from the 2012 Programme for International Student Assessment (PISA)

to explore the gender test score gap in mathematics across 56 countries. PISA is a

standardized international achievement test in reading, mathematics, and science

for 15-year-old students, implemented on a 3-year cycle by the Organization for

Economic Co-operation and Development (OECD). Employing item response theory,

the PISA 2012 reports five plausible values to present each student’s mathematics

performance. We take the average of those five plausible values to measure the

students’ mathematics achievement. The test scores in mathematics are standardized

to a mean of 500 points and a standard deviation of 100 points across the OECD

countries. The PISA 2012 follows a stratified two-stage sample design. Schools having

15-year-old students are sampled as the first stage unit. In the second stage, students

are randomly selected with equal probability within schools. In the econometric

analysis, we use the final student weights that incorporate both the school weights

and the within-school student weights. OECD (2013) provides detailed information

on the technical characteristics of the PISA 2012. Our final sample consists of 220,333

students from 56 different countries.

The second column of Table A-2.1 in the appendix indicates that there is large

cross country variation in the mean gender test score gap in mathematics, which

is defined as the average girls’ score minus the average boys’ score.5 There are 14

countries in which there is no significant difference in the average mathematics test

scores. In all remaining 42 countries, boys perform better than girls in mathematics.

The mean gap in favor of boys varies considerably, from 30.75 points in Austria to

6.82 points in Indonesia.

The PISA 2012 provides information on a wide range of student and family

characteristics that may affect mathematics achievement. Table 2.1 presents summary

5A negative mean gender test score gap implies that boys, on average, outperform girls in mathematics.
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Table 2.1: Descriptive statistics: Student-level.

Boys Girls

Variable Description Mean St. Dv. Mean St. Dv.

Outcome variables
test score Average of the five plausible values in mathemat-

ics
489.14 (97.94) 474.08 (93.10)

Student characteristics
grade8 Student is in Grade 8 or lower 0.064 (0.25) 0.042 (0.20)
grade9 Student is in Grade 9 0.383 (0.49) 0.364 (0.48)
grade10 Student is in Grade 10 0.475 (0.50) 0.514 (0.50)
grade11 Student is in Grade 11 or higher 0.077 (0.27) 0.080 (0.27)
self-efficacy Index of self-efficacy in mathematics 0.129 (1.02) −0.161 (0.88)
motivation Sum of two indices: Enjoyment and instrumen-

tal motivation in mathematics
0.441 (1.79) 0.121 (1.79)

Family characteristics
math is important Parents think that studying mathematics is im-

portant
0.853 (0.35) 0.789 (0.41)

meduc1 Mother has at most primary education 0.098 (0.30) 0.115 (0.32)
meduc2 Mother has at most secondary education 0.476 (0.50) 0.489 (0.50)
meduc3 Mother has at most tertiary education 0.426 (0.49) 0.396 (0.49)
feduc1 Father has at most primary education 0.093 (0.29) 0.106 (0.31)
feduc2 Father has at most secondary education 0.489 (0.50) 0.510 (0.50)
feduc3 Father has at most tertiary education 0.418 (0.49) 0.384 (0.49)
book10 0 - 10 books at home 0.183 (0.39) 0.156 (0.36)
book25 11 - 25 books at home 0.202 (0.40) 0.197 (0.40)
book100 26 - 100 books at home 0.298 (0.46) 0.300 (0.46)
book101 More than 100 books at home 0.317 (0.47) 0.347 (0.48)
parent’s occupational status Index of highest parental occupational status 50.05 (22.39) 48.87 (22.32)
home education resources Index of home education resources −0.084 (1.05) −0.073 (1.02)

n Number of Students 107115 113789

statistics for the student-level variables used in our empirical analysis. We control for

the grade level in which students are enrolled as it may capture students’ cognitive

development and grade repetition effects.6 The index of self-efficacy is a measure of

students’ general level of belief in their academic abilities in mathematics. To assess

self-efficacy in mathematics, students are asked about their level of confidence in

tackling several mathematics tasks. The list of tasks is shown in Table A-2.2 in the

appendix. The higher the index is, the more confident a student feels about her/his

academic abilities in mathematics. To control for students’ motivation with respect

to mathematics, we utilize two indices. The index of enjoyment of mathematics

measures how much students enjoy learning mathematics topics and acquiring new

knowledge in mathematics. The index of instrumental motivation in mathematics is

based on a series of questions about the usefulness of mathematics for students and

6The PISA 2012 assesses mathematics achievement of 15-years-olds enrolled in Grades 7 or above.
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their future careers. We create a new index of motivation in mathematics by adding

up these two indices. The higher the index is, the more motivated a student is to do

well in mathematics.

We use parents’ educational attainment and occupational status to control for

the socioeconomic status of the family. Parental education is classified into three

categories: i) at most primary education; ii) secondary education; and iii) tertiary

education. The index of the highest parental occupational status, based on the

International Socio-Economic Index of Occupational Status (ISEI), corresponds to

the higher ISEI score of either parent or to the only available parent’s ISEI score.

Higher ISEI scores are associated with occupations that have higher returns to

education. The PISA 2012 also asks students to report how much they agree with

the following statement: “My parents believe that mathematics is important for

my career”. Accounting for parents’ attitudes about the importance of studying

mathematics, the indicator variable ‘math is important’ takes the value of one if the

student’s level of agreement with this statement is ‘strongly agree’ or ‘agree’ and zero

otherwise. We include the number of books at home and the index of home education

resources which is derived from the availability of various school items such as

a study room, a computer for school work, and educational software. Moreover,

we control for school fixed effects to deal with possible non-random selection into

different schools across genders. For example, boys would be exposed to favorable

school inputs if parents sent their sons to better schools than their daughters.

We use the Gender Gap Index (GGI) taken from the Global Gender Gap Report

(2012) to measure societal gender equity (Hausmann, Tyson, & Zahidi, 2012).7 The

GGI, which is composed of four sub-indices, assesses national gender equity in edu-

cational, economic, political and health domains. The GGI and its four sub-indices

range from 0 to 1, with larger values indicating greater female empowerment in

society. Table A-2.3 in the appendix presents the components of each sub-index. The

education sub-index includes female-to-male ratios in four areas: literacy, primary

enrollment, secondary enrollment, and tertiary enrollment. The economic sub-index

captures female-to-male ratios in labor force participation rate, labor market earn-

ings, share of legislators, senior officials and managers, and share of professional and

7As the GGI is not available for Liechtenstein, Montenegro, Taiwan, Hong Kong, Macao, Shanghai, we
exclude those countries from the analysis. Moreover, we use the 2011 GGI value for Tunisia due to
data limitations.
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technical positions. The political sub-index is based on the ratios of women to men

in minister-level positions, parliamentary seats, and the number of years in executive

office (prime minister or president) for the last 50 years. The health and survival

sub-index captures the sex ratio at birth and the gap between men’s and women’s life

expectancy. The GGI is the unweighted mean of the four sub-indices.8 Columns 4-8

of Table A-2.1 present the 2012 GGI and its sub-indices values for all the 56 countries.

The GGI ranges between 0.601 in Turkey and 0.864 in Iceland. Luxembourg (Iceland)

holds the top spot in the economic sub-index (political sub-index) while Turkey

(Qatar) is in the last place. The education and health sub-indices exhibit very small

variation across countries. In addition, to account for economic conditions across

countries, we use the 2012 real per capita Gross Domestic Product (GDP), taken

from the Global Gender Gap Report 2012.

2.4 Econometric Model

The Semiparametric OB Decomposition

We use a propensity score matching method to decompose the mean gender mathe-

matics test score gap into an explained and an unexplained part in all 56 countries.

Although propensity score matching (PSM) is extensively employed in the evaluation

literature to estimate average treatment effects (Rosenbaum & Rubin, 1983; Black

& Smith, 2004; Frölich, 2004; Sianesi, 2004; Smith & Todd, 2005), it is also applied

outside the treatment evaluation context to decompose the gender wage gap (Frölich,

2007), the test score gap across genders (Gevrek & Seiberlich, 2014), and the test

score gap across countries (Botezat & Seiberlich, 2013).

Following Frölich (2007), we implement a semiparametric version of the twofold

Oaxaca-Blinder (OB) decomposition to investigate the gender PISA test score gap in

mathematics.9 This decomposition method has distinct advantages over the standard

OB decomposition. First, it relaxes the parametric assumptions of the standard OB

decomposition. Second, unlike the standard OB decomposition, it computes counter-

8For detailed information on the computation of the GGI, see Hausmann et al. (2012).
9The OB decomposition methodology (Oaxaca, 1973; Blinder, 1973), which is primarily used to
investigate discrimination in the labor market, has been recently applied in the economics of
education. It has been implemented to examine the test score gap between countries (Ammermueller,
2007), schools –private versus public– (Duncan & Sandy, 2007; Krieg & Storer, 2006), boys and girls
(Sohn, 2012; Gevrek & Seiberlich, 2014), and ethnic groups –indigenous versus non-indigenous–
(Sakellariou, 2008; McEwan, 2004).
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factual outcomes only for the common support sub-population. The semiparametric

matching method allows us to estimate the counterfactual outcomes for each indi-

vidual separately, accounting for heterogeneity across individuals (Heckman et al.,

1999; Imbens, 2004). Moreover, this method makes it possible to explore the gender

mathematics gap at different quantiles of the test score distribution.

We first estimate the propensity score by a logit regression of G on a set of

explanatory variables, i.e., p = Pr[G = 1|X = x] = F (x′β), where G is a binary variable

indicating whether the student is female and F(·) represents the cumulative logistic

distribution. Figure A-2.1 in the appendix presents the densities of the estimated

propensity scores for females and males in each country. The region of common

support is defined as follows:

S : pi ∈ [min(pj),max(pj)] (2.1)

where pi denotes the estimated propensity scores for females while pj denotes the

estimated propensity scores for males. All observations with an estimated propensity

score that is larger than the maximum propensity score of males and smaller than

the minimum estimated propensity score of males are discarded from the analysis.

The gender test score gap over the common support sub-population can be written

as follows:

∆S = ES[Y1|G = 1]−ES[Y0|G = 0]

=
∫
S

E[Y |P (X) = p,G = 1]f S1 (p) dp−
∫
S

E[Y |P (X) = p,G = 0]f S0 (p)dp (2.2)

where Y0 and Y1 denote the potential outcomes. f S1 (p) and f S0 (p) represent the distri-

butions of the propensity score p = P (X) over the common support sub-population S

for females (G = 1) and males (G = 0), respectively.10 To simplify notation, we hence-

forth use m0(p) and m1(p) to denote E[Y |P (X) = p,G = 0] and E[Y |P (X) = p,G = 1],

respectively.

The counterfactual outcome that represents the expected test score that females

would have if they had the same returns to educational inputs as males is identified

10f Sg (p) =
fg (p)
µS |G=g

is scaled such that the integral integrates to one, where µS |G=g is the empirical
probability of being in the common support conditional on having gender g.
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as follows:

ES[Y0|G = 1] =
∫
S

m0(p)f S1 (p) dp (2.3)

After adding and subtracting the counterfactual outcome in Equation 2.3, we can

decompose the gender test score gap for the common support sub-population in

Equation 2.2 into two parts:

∆S =
∫
S

m0(p)
[
f S1 (p)− f S0 (p)

]
dp

︸                             ︷︷                             ︸
Explained part: ∆e

+
∫
S

[m1(p)−m0(p)]f S1 (p) dp

︸                             ︷︷                             ︸
Unexplained part: ∆u

(2.4)

The first term can be attributed to gender differences in the distribution of propensity

scores. It would vanish if females had the same characteristics as males. The second

term is due to differences in returns to these characteristics. It would vanish if

females had the same returns to educational inputs as males.11

11Following Ñopo (2008), we decompose the whole gap ∆y into three parts: ∆y = ∆1 +∆e +∆u , where
∆1 accounts for 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 (negative) value of ∆1 indicates that female students,
who are out of the common support, perform better (worse) than their counterparts, who are in the
common support. The decomposition of ∆y can be written as follows:

∆y = µS̄ |G=1


∫
S̄

m1(p)f S̄1 (p) dp−
∫
S

m1(p)f S1 (p) dp

︸                                                       ︷︷                                                       ︸
∆1

+
∫
S

m1(p)f S1 (p) dp−
∫
S

m0(p)f S0 (p) dp

︸                                           ︷︷                                           ︸
∆S

+µS̄ |G=0


∫
S

m0(p)f S0 (p) dp−
∫
S̄

m0(p)f S̄0 (p) dp

︸                                                       ︷︷                                                       ︸
∆0

where S̄ denotes out of the common support and µS̄ |G=g is the empirical probability of being out of
the common support conditional on having gender g. The second summand represents the gender
test score gap over the common support sub-population and can be decomposed into the explained
part ∆e and the unexplained part ∆u . Due to our definition of the common support, µS̄ |G=0 is equal
to zero. Therefore, ∆0 turns out to be zero in our estimation.
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The main identifying assumption requires that conditional on the distributions

of observable characteristics, the potential outcomes are stochastically independent

of gender: Y0,Y1⊥G|P (X). To justify this assumption, we control for a large set of

covariates available in the PISA data set, including subjective measures of ability

and motivation in mathematics, student and family background characteristics, and

school fixed effects (Gevrek & Seiberlich, 2014). The second assumption we rely on

for the identification of the explained and unexplained parts is called the overlap

assumption (Rosenbaum & Rubin, 1983; Heckman, Ichimura, & Todd, 1997; Hahn,

1998; Wooldridge, 2002; Imbens, 2004). It rules out the phenomenon of perfect

predictability of gender given X, i.e., 0 <Pr(G = 1|X) < 1. To satisfy the overlap

assumption, we restrict the estimation of the explained and unexplained parts to the

common support sub-population.

The counterfactual outcome for each female is estimated with the following

Kernel regression (Nadaraya, 1964; Watson, 1964):

m̂0(p) =

n0∑
j=1
wj ·K(pj − p) ·Yj

n0∑
j=1
wj ·K(pj − p)

(2.5)

where K is the Gaussian kernel with a bandwidth that is calculated according to

Silverman’s rule (Silverman, 1986), pi represents the estimated propensity score for

each female i where i = 1, ..,n1. pj represents the estimated propensity score for each

male j where j = 1, ..,n0. wi and wj denote sampling weights for females and males,

respectively.

The weighted average of the estimated counterfactual outcomes is equal to:

ÊS[Y0|G = 1] =

n1∑
i=1
wi · m̂0(pi)

n1∑
i=1
wi

(2.6)

This semiparametric method allows us to explore how the gender gap varies across

the test score distribution. We are able to decompose the gender test score gap for

the common support sub-population into the explained and unexplained parts at
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different quantiles. The two parts of the gap at quantile τ are estimated as follows:

∆τu = F−1
y1|G=1,S(τ)−F−1

y0|G=1,S(τ)

∆τe = F−1
y0|G=1,S(τ)−F−1

y0|G=0,S(τ)

∆τS = ∆τu +∆τe = F−1
y1|G=1,S(τ)−F−1

y0|G=0,S(τ)

The adjusted quantiles are obtained indirectly through inverting the adjusted dis-

tribution functions.12 As it is not possible to estimate standard errors for the de-

composition components analytically, we employ bootstrapping with replacement

as suggested by Efron (1979). 250 bootstrap replications are used to calculate the

standard errors.

Cross-country analysis

After decomposing the gender mathematics test score gap in each country individ-

ually, we investigate whether differences in the indicators of gender inequality can

account for variations in the gender gap and its components across countries. To

illuminate the role of societal factors in explaining gender differences in mathematics

achievement, we estimate the following simple model:

Yc = β0 + β1Zc + β2 ln(GDPc) + εc (2.7)

where Yc is the mean gender mathematics test score gap (or its decomposition

components) in country c. The vector Zc denotes gender equality measures for

country c in 2012. We use the Gender Gap Index (GGI) and its sub-indices to assess

societal level female empowerment. GDPc represents GDP per capita for country c

in 2012. εc is the error term.

Our parameter of interest, β1 is meant to capture the relationship between a

country’s measures of gender inequity and the mathematics gender gap at the mean.

Taking advantage of the fact that our decomposition method allows us to explore the

gap, not only at the mean, but also across the test score distribution, we also examine

how this relationship evolves across the distribution. In this case, the dependent

12The empirical distribution function used to estimate the distribution functions is defined as follows:

F̂(τ) = 1
n

∑n
i=1 1{pi ≤ τ}, where 1{pi ≤ τ} =

1 if pi ≤ τ
0 otherwise.
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variable is equal to the gender test score gap (or its decomposition components) at

the relevant quantile.

2.5 Results

The Semiparametric OB Decomposition

Before interpreting the results from the semiparametric OB decomposition, we

investigate whether the propensity score matching procedure has the ability to

balance the distributions of the covariates for females and males in each country. To

check the matching quality, we use the test for standardized bias (SB) proposed by

Rosenbaum and Rubin (1985).13 Rosenbaum (2002) considers a covariate balanced

if the SB after matching in absolute value is smaller than 0.2. Based on the rule of

thumb proposed by Rosenbaum (2002), Table A-2.4 in the appendix indicates that

there are no countries with unbalanced covariates after matching.14

Table 2.2: Semiparametric OB decomposition of the mean gender mathematics test score
gap.

∆y ∆e ∆u ∆1 On Off

Argentina −20.49∗∗ −3.69 −16.71∗∗ −0.08 1,462 4
Australia −17.44∗∗ −19.33∗∗ 1.94 −0.05 3,287 3
Austria −30.75∗∗ −9.79 −20.80∗∗ −0.16 1,280 9
Belgium −15.99∗∗ −2.51 −13.45∗∗ −0.03 2,335 1
Brazil −16.67∗∗ 4.76∗∗ −21.42∗∗ −0.01 5,569 1
Bulgaria −10.97∗∗ 2.70 −12.46∗∗ −1.21 1,368 25
Canada −14.88∗∗ −11.77∗∗ −3.11 −0.01 6,203 1
Chile −21.04∗∗ 2.80 −23.23∗∗ −0.61 1,693 13
Colombia −25.67∗∗ 2.06 −28.11∗∗ 0.38 2,216 25
Costa Rica −22.79∗∗ 2.84 −25.46∗∗ −0.17 1,190 14
Croatia −15.84∗∗ −0.77 −13.85∗∗ −1.22∗ 1,463 25
Czech Republic −18.24∗∗ 2.83 −20.69∗∗ −0.38 1,325 5
Denmark −15.08∗∗ −13.95∗∗ −1.13 0 1,913 0
Estonia −9.52∗∗ −5.49 −3.95 −0.08 1,387 1
Finland −2.21 −11.12∗∗ 9.00∗∗ −0.08 2,581 2
France −18.69∗∗ −6.65 −11.39∗∗ −0.65∗ 1,243 17
Germany −16.22∗∗ −7.13 −8.36∗ −0.74 909 9
Greece −15.03∗∗ −1.59 −13.44∗∗ 0 1,575 0
Hungary −20.29∗∗ 1.44 −21.33∗∗ −0.40∗ 1,402 14

(Continued on next page)

13The standardized bias for a covariate X is defined as follows:

SB =
X̄1 − X̄0√

0.5 · (s21 + s20)

where X̄i is the mean value and s2i the estimated variance ofX for group i = 0,1. For the standardized
bias before matching, we use females as group 1, for the standardized bias after matching, we use
the counterfactual control group as group 1. In both cases, we use males as the comparison group 0.

14In a robustness check, we use a stricter cut-off as our decision criterion to assess the matching
quality (i.e., the SB in absolute value is smaller than 0.1).
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Table 2.2 (continued).

∆y ∆e ∆u ∆1 On Off

Iceland 0.46 −13.71∗∗ 14.62∗∗ −0.44 927 5
Indonesia −6.82∗ 1.65 −8.49∗∗ 0.03 1,561 1
Ireland −22.17∗∗ −8.10∗ −13.93∗∗ −0.14 806 1
Israel −25.30∗∗ −14.81∗∗ −9.68∗ −0.81 1,124 7
Italy −25.71∗∗ −9.76∗∗ −15.06∗∗ −0.89∗ 8,454 29
Japan −22.33∗∗ −14.06∗∗ −7.02∗∗ −1.26∗ 1,390 15
Kazakhstan −0.80 3.47 −4.30∗ 0.03 1,637 1
Korea −10.06∗ −7.38 −2.32 −0.36 804 5
Latvia 6.29 4.89 2.39 −0.99 1,182 22
Lithuania −7.35∗ −5.10 −1.78 −0.46 1,288 5
Luxembourg −22.19∗∗ −0.45 −21.69∗∗ −0.05 1,136 1
Malaysia 1.36 4.28 −2.99 0.07 1,589 2
Mexico −12.92∗∗ −2.14∗ −10.76∗∗ −0.02 9,998 1
Netherlands −15.49∗∗ −3.93 −11.59∗∗ 0.02 1,121 3
New Zealand −29.80∗∗ −21.49∗∗ −7.68∗ −0.63 613 5
Norway −2.13 −9.82∗∗ 7.73∗∗ −0.04 1,246 4
Peru −25.66∗∗ 1.40 −27.62∗∗ 0.57 1,473 8
Poland −9.28∗∗ −2.70 −6.54∗ −0.03 1,421 1
Portugal −22.52∗∗ −4.24 −18.24∗∗ −0.04 1,560 1
Qatar 1.79 3.02 −1.23 0 796 0
Romania −3.38 8.47∗∗ −11.77∗∗ −0.08 1,471 5
Russia 0.38 −4.48 5.05 −0.19 1,473 7
Serbia −10.92∗∗ 7.54∗ −18.30∗∗ −0.16 1,303 4
Singapore 3.04 −3.73 6.76∗∗ 0 1,350 0
Slovakia −19.39∗∗ 1.07 −20.27∗∗ −0.19 1,272 17
Slovenia −22.60∗∗ −0.14 −22.21∗∗ −0.25∗ 1,472 6
Spain −21.48∗∗ −3.87∗ −17.61∗∗ 0 7,691 0
Sweden −1.94 −5.12 3.99 −0.81 1,363 46
Switzerland −16.40∗∗ −11.69∗∗ −4.61 −0.11 3,251 4
Thailand 0.71 5.84∗ −6.70∗ 1.57 2,087 47
Tunisia −20.70∗∗ 5.12 −25.46∗∗ −0.36 1,255 13
Turkey −6.24 17.96∗∗ −22.76∗∗ −1.44 1,089 26
United Arab Emirates −6.88 3.63 −9.59 −0.92∗ 277 6
United Kingdom −12.63∗∗ −10.51∗∗ −1.67 −0.46 2,892 4
United States −14.04∗∗ −5.84∗ −8.13∗∗ −0.07 1,387 1
Uruguay −14.02∗∗ 4.06 −18.04∗∗ −0.04 1,496 2
Vietnam −10.48∗∗ 7.31∗∗ −18.15∗∗ 0.35 1,652 7

Notes: ∆y represents the mean gender mathematics test score gap. The mean gender mathematics test score gap of the
common support sub-population is decomposed into an explained part, which is denoted by ∆e , and an unexplained part,
which is denoted by ∆u . ∆1 shows the differences between two groups of females: those who can be matched with males and
those who remain out of the common support. On/Off denote the number of females who are on/off the common support,
respectively. Significance was calculated using 250 bootstrap replications. * significant at 5% (97.5% and 2.5% quantile of the
bootstrap distribution have the same signs) and ** significant at 1% (99.5% and 0.5% quantile of the bootstrap distribution
have the same signs).

Table 2.2 presents the results from the semiparametric OB decomposition of the

mean gender gap for all countries. The mean gap is statistically insignificant in 14

out of 56 countries.15 When the mean gap is statistically significant, it is always

negative, suggesting that boys, on average, have significantly higher mathematics

test scores than girls. The gap in favor of boys varies widely, from 30.75 score points

in Austria to 6.82 score points in Indonesia. As indicated in the second column of

Table 2.2, the explained part of the gap is statistically insignificant in 34 out of 56

15The gap is positive (negative) but not statistically significant in Iceland, Latvia, Malaysia, Qatar,
Russia, Singapore and Thailand (Finland, Kazakhstan, Norway, Romania, Sweden, Turkey and
United Arab Emirates)
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countries, suggesting that observable factors that affect mathematics test scores do

not vary systematically between girls and boys in most countries. The explained part

of the gap is positive (negative) and statistically significant in 6 (16) countries and

ranges between 21.48 score points in favor of boys in New Zealand and 17.96 score

points in favor of girls in Turkey. A negative and statistically significant explained

part implies that gender differences in observed characteristics predict an advantage

for males over females in the average mathematics scores.

The third column of Table 2.2 shows that the unexplained part of the gap is

statistically significant in 42 countries. Only four out of the 42 countries exhibit

positive unexplained parts, providing evidence that females are more efficient in

transforming educational inputs into higher mathematics test scores in Finland,

Iceland, Norway, and Singapore. In the remaining 38 countries, unexplained parts

are negative, suggesting that males have a particular advantage with converting

educational inputs into better mathematics test scores in most countries.

The number of females who are in (out of) the common support is shown in

column 5 (6) of Table 2.2. The fourth column of Table 2.2 shows the component of

the gap that corresponds to the non-overlapping support. In this case, the whole gap

is decomposed into three components: ∆y = ∆1 +∆e +∆u . It is important to note that

we restrict the estimation of the explained (∆e) and unexplained (∆u) parts to the

common support sub-population. The first component of the gap, ∆1, captures the

difference in mean test scores between females who cannot be matched with males

and those who can. As shown in the fourth column of Table 2.2, ∆1 is statistically

significant only in the following six countries: Croatia, France, Hungary, Italy, Japan,

Slovenia and the United Arab Emirates. The negative and statistically significant

value of ∆1 in these countries indicate that females who are in the common support

perform better than those who are out of the common support.

Cross-country analysis

Table 2.3 shows the results from the country-level analysis. Following Guiso et

al. (2008), we first examine the relationship between the mean gender test score

gap in mathematics and gender inequality as measured by the World Economic

Forum’s Gender Gap Index (GGI). Unlike Guiso et al. (2008), we find that the GGI

and its sub-indices are not significantly correlated with the size of the mean gender
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Table 2.3: The relationship between the gender mathematics gap and gender inequality.

∆y ∆y ∆y ∆u ∆u ∆u

Gender Gap Index (GGI) 20.41 79.26∗∗

(24.93) (24.87)

Economic Sub-index 19.40 45.57∗∗

(13.76) (13.10)

Political Sub-index 3.99 20.48∗

(9.04) (9.32)

LOG(GDP) -1.43 -1.76 -1.05 3.12 3.18 4.41∗

(2.06) (1.99) (2.01) (1.93) (1.86) (1.92)

Constant -13.87 -9.13 -3.90 -97.89∗∗ -72.77∗∗ -58.52∗∗

(21.01) (18.61) (19.41) (19.04) (16.61) (18.30)

Observations 56 56 56 56 56 56

Notes: Standard errors in parentheses. * significant at 5% and ** significant at 1%. In the first three columns, the dependent
variable is the mean gender mathematics test score gap, denoted by ∆y . In the last three columns, the dependent variable
is the unexplained part of the mean gender mathematics test score gap, denoted by ∆u . Country weights that are inversely
proportional to the estimated standard errors of ∆u are used when the dependent variable is ∆u .

mathematics gap.16 Contrary to previous studies investigating the link between the

gender mathematics gap and indicators of gender equity in society, we employ a

novel empirical strategy, in which we use a semiparametric Oaxaca-Blinder (OB)

decomposition method to decompose the gender mathematics test score gap into

a part that is explained by gender differences in observable characteristics and a

part that remains unexplained in each country. After isolating the contribution of

the explained part, which is due to differences in observable characteristics between

females and males, to the overall gender gap, we investigate whether the variation

in gender inequality indicators can help explain variation in the unexplained part

of the gap. The results presented in columns 4-7 of Table 2.3 indicate that gender

equality measures significantly correlate with the unexplained part of the gap across

nations. The more gender-equal a country, the larger the unexplained part of the gap.

We find that a one standard deviation increase in the GGI is associated with a 0.41

standard deviation increase in the unexplained part of the gap.

The estimated coefficient of the GGI implies that if Turkey, the lowest ranked

country in terms of the GGI index in our sample, had the same degree of gender

equality as Iceland, the highest ranked one, the unexplained part of the gap in

Turkey would increase in favor of females by 20.8 score points, which corresponds to

16Because the cross-country variation in the education and health sub-indices is very small, we do
not use the specifications that separately include those indices in Table 2.3. Across countries, the
average education attainment (health and survival) sub-index is 0.991 (0.974) with a standard
deviation of 0.014 (0.007).
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Figure 2.1: Relationship between the unexplained part of the mean gender mathematics test
score gap ∆u and the GGI at different quantiles of the mathematics test score distribution.
The dashed line is a quadratic prediction.

a 92% increase in the unexplained part of the gap in favor of girls.17 Our finding

that girls’ comparative disadvantage in transforming educational inputs into higher

mathematics test scores tends to decrease in nations with greater gender equality

points to the importance of decomposing the gap into an explained and unexplained

part. The results presented in column 6 of Table 2.3 also indicate that cross-country

variation in the unexplained part of the gap is significantly related to differences in

GDP per capita when we use the political sub-index as a measure of societal gender

equity. The richer the country, the larger the unexplained part.

Moreover, we explore the relationship between the unexplained part of the gen-

der test score gap and the GGI at different quantiles of the mathematics test score

distribution. Figure 2.1 demonstrates the estimated coefficients of the GGI index

obtained from running regressions where the dependent variable is the unexplained

part of the gap at a specific quantile. As indicated in Figure 2.1, the positive corre-

lation between societal level female empowerment as measured by the GGI index

and international variation in the unexplained part of the gap weakens as we move

towards the upper tail of the distribution.

17The unexplained part of the gap is 22.76 score points in favor of boys in Turkey while the GGI
values for Turkey and Iceland are 0.601 and 0.864 respectively. Using the estimated coefficient
of the GGI index (β1=79.26) presented in column 4 of Table 2.3, we calculate the counterfactual
outcome for Turkey as follows: (GGIIceland-GGITurkey)·β1 = 0.263 · 79.26 = 20.85.
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Robustness Checks

We conduct several robustness checks to test the validity and strength of our esti-

mates. Table A-2.5 in the appendix shows the results of the robustness tests. Panel

A in Table A-2.5 replicates the baseline estimates presented in Table 2.3. Following

Guiso et al. (2008), we restrict our sample to those who come from the upper half of

the index of economic, social, and cultural status in each country.18 The decomposi-

tion analysis we conduct in the first stage is based on a sample consisting of 110,292

observations. As students from low socioeconomic status are more likely to drop out

of school, removing those students from the sample would alleviate the potential

bias that may arise from differential drop-out rates across genders. Panel B indicates

that the GGI and its sub-indices are not statistically significantly associated with the

mean gender mathematics gap while GGI and the economic sub-index statistically

significantly correlate with the unexplained part of the gap.

As traditional gender stereotypes might be stronger in rural areas, we also restrict

our sample to the students attending schools in villages and small towns. This

sub-sample consists of 68,315 students from 53 countries.19 We conjecture that the

link between societal level female empowerment and international variation in the

unexplained part of the gap may be more pronounced in this sub-sample. Consistent

with our conjecture, Panel C shows that the estimated coefficients of the GGI and the

economic sub-index increase in magnitude and remain statistically significant at the

conventional significance levels.

We check the sensitivity of the results to a change in the procedure used to

determine the region of common support. Following Lechner (2002), we use the

tenth smallest and tenth largest estimated propensity scores for males to define

the region of common support. Panel D suggests that the results are robust to the

alternative definition of the common support. It is worth noting that the number of

females that fall outside the common support region increases in all countries when

we replace the minima and maxima estimated propensity scores given in Equation

18The index of economic, social and cultural status (IESCS) is based on the following variables: the
international socio-economic index of occupational status; the highest level of parental education,
and an index of home possessions related to family wealth, home educational resources and
possessions related to “classical” culture in the family home such as works of classical literature,
books of poetry, and works of art. OECD (2013) provides detailed information on the construction
of the IESCS.

19We have to drop Japan, Singapore, and the United Arab Emirates in this robustness check because
the data contain no observations on the common support in each of those countries.
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2.1 with the tenth smallest and tenth largest ones to define the region of common

support.20

To assess the matching quality, we use a stricter decision criterion that considers

a covariate balanced if the SB after matching in absolute value is smaller than 0.1.

Table A-2.4 shows that under the new cut-off, there are nine countries that have at

least one unbalanced covariate after matching. We check whether the results are

sensitive to the exclusion of those countries from the analysis. Panel E reveals that

excluding these countries does not change our results.

2.6 Conclusion

This study extends the literature on the role of gender inequality in explaining the

cross-country variation in the gender mathematics test score gap by applying a novel

two-stage empirical strategy. In the first-stage, we use a semiparametric Oaxaca-

Blinder (OB) method to decompose the gender mathematics test score gap into a

part that is explained by gender differences in observable characteristics and a part

that remains unexplained for 56 countries that participated in the 2012 PISA. In the

second-stage, we examine the relationship between the decomposition components

of the gap and country-specific gender inequality measures. The semiparametric

OB decomposition results show that the mean gender mathematics test score gap

is statistically significant and in favor of boys in 42 out of 56 countries. The ex-

plained part of the gap is not statistically significant in 34 countries, suggesting

that gender differences in observable characteristics do not predict an advantage

for boys over girls in most countries. However, the unexplained part of the gap is

statistically significant in 42 countries and significantly negative in 38 countries,

implying that boys have a particular advantage with converting educational inputs

into better mathematics test scores. These findings provide evidence that even if

girls had the same observable characteristics as boys, the gender test score gap in

mathematics would not disappear because societal and cultural factors affect boys

and girls differently.

The second-stage results show that indicators of societal gender inequity predict

the cross-country variation in the unexplained part of the gap. In more gender-equal

20The percentage of females who are out of common support ranges from 0.1% in Mexico to 13.1% in
the United Arab Emirates.
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countries, the unexplained part of the gap favoring boys becomes smaller. Moreover,

the relationship between the unexplained part of the gap and the societal gender

inequality exhibits a heterogeneous pattern across the test score distribution, and

tends to become less pronounced at the upper tail of the distribution.

The link between gender inequity and the gender mathematics achievement gap

might be reciprocal such that the disproportionate under-representation of females

compared to males in the economic, political, and social domains may partly result

from the fact that girls lag behind boys in mathematics. Although our data do

not allow us to establish any causal relationships, we present evidence that policy

initiatives aiming at bolstering female empowerment could serve as powerful tools

to improve girls’ mathematics achievement.
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Appendix: Tables

Table A-2.1: Descriptive statistics: Country-level.

n ∆y GDP GGI Eco. part. Pol. emp. Educ. Health

Argentina 2,749 −20.49∗∗ 13,040 0.721 0.607 0.302 0.996 0.980

Australia 6,754 −17.44∗∗ 67,646 0.729 0.759 0.185 1.000 0.974

Austria 2,511 −30.75∗∗ 48,334 0.739 0.652 0.332 0.995 0.979

Belgium 4,240 −15.99∗∗ 44,741 0.765 0.724 0.366 0.992 0.979

Brazil 10,314 −16.67∗∗ 12,157 0.691 0.650 0.134 1.000 0.980

Bulgaria 2,674 −10.97∗∗ 7,378 0.702 0.696 0.141 0.992 0.979

Canada 12,078 −14.88∗∗ 52,495 0.738 0.788 0.196 0.991 0.978

Chile 3,415 −21.04∗∗ 15,253 0.668 0.547 0.145 0.999 0.980

Colombia 4,375 −25.67∗∗ 7,885 0.690 0.621 0.166 0.994 0.979

Costa Rica 2,348 −22.79∗∗ 9,985 0.722 0.599 0.316 1.000 0.975

Croatia 2,777 −15.84∗∗ 13,236 0.705 0.669 0.178 0.995 0.979

Czech Republic 2,566 −18.24∗∗ 19,730 0.677 0.603 0.125 1.000 0.979

Denmark 3,693 −15.08∗∗ 58,125 0.778 0.772 0.364 1.000 0.974

Estonia 2,759 −9.52∗∗ 17,422 0.698 0.719 0.099 0.994 0.979

Finland 5,081 −2.21 47,416 0.845 0.785 0.616 1.000 0.980

France 2,348 −18.69∗∗ 40,838 0.698 0.669 0.145 1.000 0.980

Germany 1,863 −16.22∗∗ 44,065 0.763 0.740 0.349 0.985 0.978

Greece 3,119 −15.03∗∗ 22,243 0.672 0.633 0.086 0.994 0.974

Hungary 2,556 −20.29∗∗ 12,834 0.672 0.659 0.057 0.992 0.979

Iceland 1,834 0.46 44,259 0.864 0.754 0.733 1.000 0.970

Indonesia 2,999 −6.82∗ 3,701 0.659 0.565 0.132 0.973 0.966

Ireland 1,678 −22.17∗∗ 49,231 0.784 0.751 0.412 0.999 0.974

Israel 2,132 −25.30∗∗ 32,570 0.699 0.682 0.156 0.987 0.970

Italy 16,394 −25.71∗∗ 34,814 0.673 0.591 0.135 0.992 0.973

Japan 2,940 −22.33∗∗ 48,629 0.653 0.576 0.070 0.987 0.979

Kazakhstan 3,225 −0.80 12,387 0.721 0.768 0.146 0.992 0.980

Korea 1,742 −10.06∗ 24,454 0.636 0.509 0.101 0.959 0.973

Latvia 2,341 6.29 13,799 0.757 0.762 0.288 1.000 0.980

Lithuania 2,586 −7.35∗∗ 14,343 0.719 0.755 0.147 0.995 0.979

Luxembourg 2,543 −22.19∗∗ 105,447 0.744 0.815 0.193 0.996 0.972

Malaysia 2,962 1.36 10,835 0.654 0.599 0.053 0.991 0.973

Mexico 19,257 −12.92∗∗ 9,721 0.671 0.538 0.176 0.991 0.980

Netherlands 2,290 −15.49∗∗ 49,475 0.766 0.758 0.336 1.000 0.970

New Zealand 1,249 −29.80∗∗ 40,067 0.781 0.782 0.370 1.000 0.970

Norway 2,508 −2.13 101,564 0.840 0.830 0.562 1.000 0.970

Peru 2,977 −25.66∗∗ 6,386 0.674 0.610 0.142 0.980 0.966

Poland 2,693 −9.28∗∗ 13,145 0.702 0.650 0.179 0.998 0.979

Portugal 3,034 −22.52∗∗ 20,577 0.707 0.679 0.183 0.994 0.972

Qatar 1,691 1.79 92,693 0.626 0.556 0.000 0.998 0.952

Romania 2,887 −3.38 8,558 0.686 0.681 0.089 0.994 0.979

Russia 2,893 0.38 15,042 0.698 0.720 0.095 0.998 0.979

Serbia 2,473 −10.92∗∗ 5,659 0.704 0.660 0.192 0.993 0.970

(Continued on next page)
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Table A-2.1 (continued).

n ∆y GDP GGI Eco. part. Pol. emp. Educ Health

Singapore 2,776 3.04 54,451 0.699 0.788 0.095 0.941 0.972

Slovakia 2,507 −19.39∗∗ 17,275 0.682 0.628 0.122 1.000 0.980

Slovenia 2,629 −22.60∗∗ 22,486 0.713 0.714 0.168 0.998 0.973

Spain 15,167 −21.48∗∗ 28,648 0.727 0.646 0.284 0.997 0.979

Sweden 2,663 −1.94 57,134 0.816 0.796 0.498 0.997 0.974

Switzerland 6,427 −16.40∗∗ 83,164 0.767 0.752 0.353 0.991 0.974

Thailand 3,635 0.71 5,915 0.689 0.699 0.090 0.989 0.980

Tunisia 2,319 −20.70∗∗ 4,179 0.625 0.444 0.128 0.966 0.964

Turkey 2,278 −6.24 10,539 0.601 0.414 0.087 0.930 0.976

United Arab Emirates 656 −6.88 41,712 0.639 0.475 0.121 1.000 0.961

United Kingdom 5,813 −12.63∗∗ 41,538 0.743 0.730 0.274 0.999 0.970

United States 2,735 −14.04∗∗ 51,433 0.737 0.814 0.156 1.000 0.979

Uruguay 2,739 −14.02∗∗ 15,092 0.675 0.660 0.062 0.997 0.980

Vietnam 3,012 −10.48∗∗ 1,755 0.687 0.710 0.125 0.968 0.944

Notes: * significant at 5% and ** significant at 1%. ∆y is the mean gender mathematics test score gap. GDP is the 2012 real
per capita Gross domestic product. GGI is the Gender Gap Index. Eco. part., Pol. emp., Educ and Health are the Economic
Participation, Political Empowerment, Educational Attainment, and Health and Survival sub-indices, respectively. Both GDP
and GGI are from the Global Gender Gap Report (2012).

–68–



CHAPTER 2 Appendix: Tables

Table A-2.2: Construction of the indices of self-efficacy in mathematics, enjoyment of mathe-
matics and instrumental motivation in mathematics.

The index Construction of the index Interpretation

1. Index of self-efficacy
in mathematics

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

Higher values for the
index mean that
students self-assess
their mathematics
abilities higher.1. Using a train timetable to work out how long it would take to get

from one place to another
2. Calculating how much cheaper a TV would be after a 30% discount
3. Calculating how many square metres of tiles you need to cover a
floor
4. Understanding graphs presented in newspapers
5. Solving an equation like 3x+5=17
6. Finding the actual distance between two places on a map with a
1:10 000 scale
7. Solving an equation like 2(x+3)=(x+3)(x-3)
8. Calculating the petrol-consumption rate of a car

Response options for each statement were: 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.

2. Index of enjoyment of
mathematics

It was created by using students’ responses to the following four state-
ments

Higher values for the
index mean that
students have a higher
enjoyment of
mathematics.1. I enjoy reading about mathematics

2. I look forward to my mathematics sessions
3. I do mathematics because I enjoy it
4. I am interested in the things I learn in mathematics

Response options for each statement were: I strongly agree, I agree, I
disagree and I strongly disagree.

3. Index of instrumental
motivation in mathemat-
ics

It was created by using students’ responses to the following four state-
ments

Higher values for the
index mean that
students have a higher
motivation in
mathematics.

1. Making an effort in mathematics is worth it because it will help
me in the work that I want to do later on
2. Learning mathematics is worthwhile for me because it will im-
prove my career prospects and chances
3. Mathematics is an important subject for me because I need it for
what I want to study later on
4. I will learn many things in mathematics that will help me get a job

Response options for each statement were: I strongly agree, I agree, I
disagree and I strongly disagree.
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Table A-2.3: Structure of the Global Gender Gap Index. Source is the Global Gender Gap
Report 2012 (Hausmann, 2012).

Sub-index Variable Source

Economic Participation
and Opportunity

Ratio: female labor force participa-
tion over male value

International Labour Organisation, Key Indicators of
the Labour Market (KILM), 2009

Wage equality between women and
men for similar work (converted to
female-over-male ratio)

World Economic Forum, Executive Opinion Survey,
2012

Ratio: estimated female earned in-
come over male value

World Economic Forum, calculations based on the
United Nations Development Programme methodol-
ogy (refer to Human Development Report 2009)

Ratio: female legislators, senior offi-
cials and managers over male value

International Labour Organisation, LABORSTA In-
ternet, online database, 2008 or latest data available;
United Nations Development Programme, Human
Development Report 2009, the most recent year avail-
able between 1999 and 2007

Ratio: female professional and techni-
cal workers over male value

International Labour Organisation, LABORSTA In-
ternet, online database, 2008 or latest data available;
United Nations Development Programme, Human
Development Report 2009, the most recent year avail-
able between 1999 and 2007

Educational Attainment Ratio: female literacy rate over male
value

UNESCO Institute for Statistics, Education Indicators,
2011 or latest data available; World Bank’s World De-
velopment Indicators & Global Development Finance
online Database, 2010 or latest available data; United
Nations Development Programme, Human Develop-
ment Report 2009, the most recent year available be-
tween 1997 and 2007

Ratio: female net primary level enrol-
ment over male value

UNESCO Institute for Statistics, Education Indicators,
2011 or latest data available; World Bank’s World De-
velopment Indicators & Global Development Finance
online database, 2011 or latest available data

Ratio: female net secondary level en-
rolment over male value

UNESCO Institute for Statistics, Education Indicators,
2011 or latest data available; World Bank’s World De-
velopment Indicators & Global Development Finance
online database, 2011 or latest available data

Ratio: female gross tertiary level en-
rolment over male value

UNESCO Institute for Statistics, Education Indicators,
2011 or latest data available; World Bank’s World De-
velopment Indicators & Global Development Finance
online database, 2011 or latest available data

Health and Survival Sex ratio at birth (converted to
female-over-male ratio)

Central Intelligence Agency, The CIA World Factbook,
data updated weekly, 2012

Ratio: female healthy life expectancy
over male value

World Health Organisation, Global Health Observa-
tory database, data from 2007

Political Empowerment Ratio: females with seats in parlia-
ment over male value

Inter-Parliamentary Union, Women in Politics: 2012,
reflecting elections/ appointments up to 1 January
2012

Ratio: females at ministerial level
over male value

Inter-Parliamentary Union, Women in Politics: 2012,
reflecting elections/ appointments up to 1 January
2012

Ratio: number of years of a female
head of state or government (last 50
years) over male value

World Economic Forum calculations, 30 June 2012
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Table A-2.4: Number of characteristics with SB larger than 0.1 and 0.2 before and after PSM.

|SB| > 0.1 |SB| > 0.2 |SB| > 0.1 |SB| > 0.2

Before After Before After Before After Before After

Argentina 14 0 2 0 Lithuania 10 0 2 0
Australia 5 0 3 0 Luxembourg 12 0 4 0
Austria 46 1 3 0 Malaysia 6 0 0 0
Belgium 15 0 3 0 Mexico 4 0 1 0
Brazil 7 0 2 0 Netherlands 6 0 3 0
Bulgaria 14 1 1 0 New Zealand 6 0 3 0
Canada 3 1 2 0 Norway 5 0 2 0
Chile 13 0 2 0 Peru 2 0 0 0
Colombia 9 1 1 0 Poland 11 0 1 0
Costa Rica 8 0 3 0 Portugal 4 0 1 0
Croatia 21 0 1 0 Qatar 7 0 2 0
Czech Republic 26 3 5 0 Romania 8 0 0 0
Denmark 7 0 4 0 Russia 5 0 3 0
Estonia 7 0 2 0 Serbia 24 0 3 0
Finland 8 0 2 0 Singapore 2 0 0 0
France 15 0 3 0 Slovakia 27 0 3 0
Germany 11 1 4 0 Slovenia 26 1 3 0
Greece 8 0 2 0 Spain 4 0 1 0
Hungary 17 0 3 0 Sweden 5 0 3 0
Iceland 3 0 1 0 Switzerland 14 2 4 0
Indonesia 16 0 1 0 Thailand 10 0 1 0
Ireland 8 0 1 0 Tunisia 9 0 1 0
Israel 11 0 1 0 Turkey 26 0 1 0
Italy 6 3 1 0 United Arab Emirates 26 0 8 0
Japan 13 0 2 0 United Kingdom 5 0 2 0
Kazakhstan 7 0 0 0 United States 6 0 1 0
Korea 17 0 0 0 Uruguay 14 0 2 0
Latvia 10 0 3 0 Vietnam 10 0 3 0
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Table A-2.5: Robustness checks.

Panel A: Baseline specification ∆y ∆y ∆y ∆u ∆u ∆u

Gender Gap Index (GGI) 20.41 79.26∗∗

(24.93) (24.87)

Economic Sub-index 19.40 45.57∗∗

(13.76) (13.10)

Political Sub-index 3.99 20.48∗

(9.04) (9.32)

n 56 56 56 56 56 56

Panel B: Only upper half from socio-economic status ∆y ∆y ∆y ∆u ∆u ∆u

Gender Gap Index (GGI) 29.78 64.72∗∗

(26.04) (23.75)

Economic Sub-index 24.65 40.82∗

(14.33) (12.55)

Political Sub-index 6.93 15.82
(9.47) (8.88)

n 56 56 56 56 56 56

Panel C: Only students from rural areas ∆y ∆y ∆y ∆u ∆u ∆u

Gender Gap Index (GGI) 8.12 91.31∗∗

(32.30) (32.34)

Economic Sub-index 2.88 47.49∗

(18.47) (17.75)

Political Sub-index 3.69 22.61
(11.36) (11.40)

n 53 53 53 53 53 53

Panel D: Trimming of the common support ∆y ∆y ∆y ∆u ∆u ∆u

Gender Gap Index (GGI) 20.41 74.13∗∗

(24.93) (24.72)

Economic Sub-index 19.40 42.87∗∗

(13.76) (13.08)

Political Sub-index 3.99 19.40∗

(9.04) (9.23)

n 56 56 56 56 56 56

Panel E: No countries with imbalanced characteristics ∆y ∆y ∆y ∆u ∆u ∆u

Gender Gap Index (GGI) 17.98 76.97∗∗

(25.55) (26.03)

Economic Sub-index 15.94 43.47∗∗

(14.36) (14.06)

Political Sub-index 4.14 20.38∗

(9.27) (9.71)

n 47 47 47 47 47 47

Notes: Standard errors in parentheses. * significant at 5% and ** significant at 1%. In the first three columns, the dependent
variable is the mean gender mathematics test score gap, denoted by ∆y . In the last three columns, the dependent variable
is the unexplained part of the mean gender mathematics test score gap, denoted by ∆u . Country weights that are inversely
proportional to the estimated standard errors of ∆u are used when the dependent variable is ∆u .
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Figure A-2.1: Gaussian kernel density estimates for females (solid line) and males (dashed).
The vertical line denotes the bound for the common support.
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Figure A-2.1 (continued).
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Figure A-2.1 (continued).
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Figure A-2.1 (continued).
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3.1 Introduction

Differences in educational outcomes between females and males are still a very

present topic, both in popular and in academic debates. While the literature finds

that girls strongly outperform boys in reading and language tasks in school, gender

differences in performance are smaller in mathematics and science (Voyer & Voyer,

2014). Most studies report that the gender gap in favor of boys in mathematics

and science has narrowed or even been closed over time (Ceci, Ginther, Kahn, &

Williams, 2014; Lindberg, Hyde, Petersen, & Linn, 2010). Despite this catch-up effect

in school, females are still less likely to enroll into STEM college majors, in particular

engineering, computer science and physics (Snyder, de Brey, & Dillow, 2016). Female

underrepresentation in these majors leads to a lack of females in STEM occupations

which in turn helps to explain a significant part of the gender wage gap (Black &

Haviland, 2008). A study by Ceci et al. (2014) documents that even after controlling

for ability, boys have higher expectations about future mathematics careers which

leads to a greater likelihood to major in a mathematics-intensive field. Hence, in

order to understand gender differences in college major choice, it is important to

examine not only the role of achievement differentials, but also gender differences in

attitudes about mathematics and science and how they emerge in school.

Using data from 43 countries that took part in the Trends in International Math-

ematics and Science Study (TIMSS) in 2011 and 2015, this paper focuses on the

role of teacher gender on student achievement and attitudes about mathematics and

science. In theory, teacher gender can influence students through various channels

that operate in two directions: Teachers respond to students’ gender and students

respond to teachers’ gender (Hoffmann & Oreopoulos, 2009). If teachers have gender

stereotypes about how students perform in a subject, they possibly interact differently

with students of a particular gender. An example is a male mathematics teacher who

has the prior expectation that boys are better and hence encourages or praises boys

more often. Biases in prior expectations could become self-fulfilling if students react

to these different interactions (Rosenthal & Jacobson, 1968). In addition to direct

interactions, there could be also differences in teaching styles between male and

female teachers. If those differences in style can be observed, they can be separated

from direct gender effects. Students respond to teachers’ gender in at least two ways.

First, it is possible that teachers serve as role models. A girl who looks up to her
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female science teacher might be more likely to choose a major in science and work in

a science-related occupation in her later life. Second, girls could think more about

gender stereotypes under a male teacher. As pointed out by Spencer, Steele, and

Quinn (1999), women respond negatively to a test when they know that it produces

gender differences, a phenomenon referred to as stereotype threat in the literature.

This study contributes to the literature in several ways. First and most impor-

tantly, apart from examining only the effect of a same-gender teacher on student

achievement, I shed light on the effect of a same-gender teacher on student attitudes

about mathematics and science. To the best of my knowledge, there is only one

study (Dee, 2007) that documents the effect of teacher gender on student attitudes.

However, Dee (2007) only uses three separate questions to find out how students per-

ceive a particular subject. The TIMSS data allows me to use four attitude scales (i.e.,

Students Like Learning Subject, Students Engaged in Lessons, Students Confident

in Subject and Students Value Learning Subject) which were created from student

responses to 40 different statements. Subjective attitudes about a subject might be as

important as student achievement when it comes to future career choices. Studies

reveal that confidence in one’s own abilities (Betz & Hackett, 1983) and value per-

ceptions of mathematics (Meece, Wigfield, & Eccles, 1990) have a strong impact on

the selection into science college majors, even after controlling for past mathematics

scores. Zafar (2013) finds that a large part of the gender gap in college major choice

can be explained by beliefs about coursework enjoyment, while subjective ability

does not explain much.

Second, while the literature is almost exclusively focused on the United States

and other OECD countries, the TIMSS sample includes many non-OECD countries

in Africa, Eastern Europe, and Central and Southeast Asia. Most of these countries

are less wealthy and have larger cultural differences compared to OECD countries.

For this reason, it is interesting to examine whether results from previous studies

can be generalized to non-OECD countries.

Third, the structure of the data allows me to use a student fixed effects design

similar to Dee (2007) and Cho (2012) which has been rarely applied in the literature.

Controlling for fixed effects addresses the endogeneity problem associated with

ordinary least squares (OLS) estimates that occurs if the assignment to a same-gender

teacher is correlated with student unobserved ability. In TIMSS, for each student at
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least two outcomes can be observed: one in mathematics and at least one in science.

Because both subjects require similar cognitive skills, it is reasonable to assume that

the subject-specific fixed effects are correlated more strongly than those in Dee (2007),

who compares either mathematics or science with history or English outcomes (Cho,

2012). This makes my identification strategy more credible.

My results indicate that a same-gender teacher has no effect on student achieve-

ment in the vast majority of countries. However, the effect of a same-gender teacher

on student attitudes is much stronger. Out of 43 countries, students are more engaged

in the lessons in 28 countries and like learning the subject more in 22 countries when

taught by a same-gender teacher. I find some gender heterogeneity in the effect of a

same-gender teacher on student attitudes, in particular a larger number of countries

in which girls are more engaged in the lessons and more confident in the subject.

The remainder of this article is organized as follows. The next section gives

an overview of the relevant literature. Section 3 describes the data and presents

descriptive statistics. Section 4 describes the econometric model. Section 5 presents

the estimation results and Section 6 concludes.

3.2 Literature Review

Studies have examined the effect of teacher gender on various outcomes, such as

student-teacher interactions (Duffy, Warren, & Walsh, 2001; Jones & Wheatley, 1990;

Rodriguez, 2002), teachers perceptions of students (Carrington et al., 2007; Dee,

2007; Ifegbesan, 2010), the likelihood of choosing STEM courses (Carrell, Page, &

West, 2010) and the probability of dropping out of college (Hoffmann & Oreopoulos,

2009). In this literature section, I focus on studies that consider the role of teacher

gender on student achievement and attitudes in primary and secondary education.1

Using the National Educational Longitudinal Survey (NELS) of 1988, Ehrenberg,

Goldhaber, and Brewer (1995) find no effect of having a same-gender teacher on test

scores. However, they report that white female teachers evaluate girls more favorably

than their male colleagues. Two other studies from the U.S. in primary education

1There are a number of excellent studies about the impact of instructor gender on students’ outcomes
in tertiary education (Bettinger & Long, 2005; Butler & Christensen, 2003; Canes & Rosen, 1995;
Hoffmann & Oreopoulos, 2009; Neumark & Gardecki, 1998). As the channels of how a teacher
affects students might be different at the college level, the results cannot necessarily be generalized
to students in earlier stages of education.
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(Krieg, 2005) and secondary education (Winters, Haight, Swaim, & Pickering, 2013)

find that students of both genders perform better under a female teacher. In both

studies, the positive effect of a female teacher is not significantly larger for girls. To

the best of my knowledge, Dee (2007) is the only study that documents a positive

effect of a same-gender teacher on boys’ performance. He uses a student fixed effects

design which exploits the fact that for each student, outcomes in at least two subjects

can be observed in the NELS 1988. Dee (2007) finds some gender heterogeneity in

the size of the effect: While girls benefit from a female history teacher, boys perform

significantly better under a male science teacher.

Most of the research outside of the U.S. has focused on European and OECD

countries. Studies for Dutch primary school students (Driessen, 2007) and Finish

ninth-graders (Mullola et al., 2011) find no effect of a same-gender teacher for both

male and female students. Holmlund and Sund (2008) observe Swedish upper

secondary students achievement in several subjects over a period of three years

which allows them to control for student subject-specific fixed effects. They find no

evidence that a same-gender teacher is beneficial for student achievement. Using

data from OECD countries in TIMSS waves from 1995 to 2007, Cho (2012) reports

that girls in Greece and Sweden as well as boys in Hungary and Spain do slightly

better under a same-gender teacher, while in the vast majority of countries, teacher

gender does not impact student performance. The second cross-country comparison

study in OECD and European Union countries is by Helbig (2012). He uses data from

TIMSS and the Progress in International Reading Literacy Study (PIRLS) and finds

no significant impact of teacher gender on student achievement in most countries.

In Austria and Romania, girls improve their reading performance under a female

teacher, and in Norway both genders benefit from a female mathematics teacher.

Two further studies from Chile (Paredes, 2014) and South Korea (Lim & Meer, 2017)

find that female teachers are more effective in increasing girls’ achievement, while

there is no effect for boys. To the best of my knowledge, there are only three studies

about the impact of teacher gender on student performance in non-OECD countries,

all of which focus on India. While Chudgar and Sankar (2008) find that both genders

benefit from a female teacher in languages, Muralidharan and Sheth (2016) and

Rawal and Kingdon (2010) find that only girls benefit from a female teacher, boys

are not affected by teacher gender.
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Less well examined is the channel from teacher gender to student attitudes, such

as motivation, engagement in lessons, and confidence in the subject. In his study,

Dee (2007) finds that girls are more likely to look forward to science, and they

state more often that science is useful for their future, when taught by a female

teacher. Boys are less likely to look forward to a subject under a female teacher. Dee

(2007) does not find that teacher gender has an effect on whether students of either

gender are more afraid to ask questions. Apart from Dee (2007), the other studies

about the effect of teacher gender on student attitudes use a multilevel modeling

approach, which does not address the endogeneity problem that occurs if teacher

gender is correlated with student ability. A. J. Martin and Marsh (2005) find that

Australian primary and secondary school students are not more motivated and

engaged in a subject when taught by a same-gender teacher. Carrington et al. (2007)

and Carrington, Tymms, and Merrell (2008) also find no effect of a same-gender

teacher on motivation, engagement, and positive attitude towards the subject for

English primary and secondary school students.

3.3 Data and Descriptive Statistics

The Trends in Mathematics and Science Study (TIMSS) measures mathematics and

science performance of students in Grades 4 and 8 across countries from all over

the world. It is conducted by the International Association for the Evaluation of

Educational Achievement (IEA) in four-year waves starting in 1995. In contrast to the

Programme for International Student Assessment (PISA), the TIMSS data contains

information about teacher gender. An important difference between the two studies

is the content of assessment: While PISA tasks are more concerned with applying

knowledge to real-world problems, the TIMSS questions are more directed toward

testing classroom curriculum content (Wu, 2010).

A two-stage sampling design is used in TIMSS. In the first stage, schools are

randomly selected with a probability proportional to their size. Within these schools,

at least one class is selected to take the test in the second stage. The provided

sampling weights are proportional to the selection probability of a student and

adequately reflect non-response in test taking and the oversampling of certain groups

of students. In order to make valid population inference, I use these sampling weights

and clustered standard errors at the class level.
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Figure 3.1: Countries in the sample. They are marked in light gray if the majority of students
have one general science course and in dark gray if the majority of students have several
different science courses.

For this study, I focus on the two most recent TIMSS waves from 2011 and 2015.

Previous waves ask very few questions about student attitudes which makes it im-

possible to analyze the effect of a same-gender teacher on various outcomes. My

identification strategy requires that a student has at least two teachers in different

subjects. This restriction excludes the vast majority of students in Grade 4 as they

commonly only have one teacher for mathematics and science. Hence, I only consider

eighth graders in the analysis. Students in TIMSS are asked to answer a mathematics

and a science questionnaire. The science questionnaire covers topics from the fol-

lowing four subjects: physics, chemistry, biology and earth science. Across countries,

students either have separate lessons in each of these topics or one general science

course2, as shown in the last five columns of Table A-3.1 in the appendix.

2In Finland, Morocco and Syria, a large share of students has one class that covers physics and
chemistry and one class that covers biology and earth science. For these students, I use the average
from both subjects (i.e., the average from physics and chemistry, or biology and earth science,
respectively) as outcome variables.
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I drop students who have more than one teacher in a particular subject, as it is

impossible to disentangle the effects of multiple teachers on student outcomes. All

Italian students in Grade 8 have the same teacher in mathematics and science and

are therefore excluded. Furthermore, I drop countries with fewer than 30 male or

female teachers in coeducational classes. This minimum requirement ensures that

the sample of teachers is not too small for statistical inference. The following six

countries are excluded: Ghana, Iran, Jordan, Kuwait, Palestine and Saudi Arabia.

The final sample includes 387,777 students from 43 different countries. Figure 3.1

illustrates all countries in my sample on a world map.

As outcome variables, I look at student achievement and four scales that mea-

sure student attitudes about mathematics and science subjects. The Students Like

Learning Subject (Like Learning) scale is built from items such as “I enjoy learning

[subject]” or “I learn many interesting things in [subject]”. The goal of the scale

is to measure the interest and positive attitude towards the subject. The Students

Engaged in Subject Lessons (Engagement) scale measures interest in lessons and the

interaction with the teacher. Two exemplary statements are “My teacher is easy to

understand” and “I am interested in what my teacher says”. In contrast to the other

three attitude scales, the Engagement scale is more related to a particular teacher

than to the subject itself. Student confidence and self-assessment of their capabilities

in the subject is determined by the Students Confident in Subject (Confidence) scale.

Two typical statements are “I learn things quickly in [subject]” and “I usually do

well in [subject]”. The Students Value Subject (Value) scale measures if the students

think that the subject is important for their daily lives and their future career choices

with statements such as “I would like a job that involves using [subject]” and “It’s

important to do well in [subject]”. In Honduras, the Value statements were not

included in the science survey and in the TIMSS 2015 wave, the statements were

only concerned with science in general. Because Malta only participated in 2015 and

all students have separate lessons in four science subjects, I am not able to estimate

the effect of a same-gender teacher on the Value scale.

Table A-3.2 in the appendix shows all items that were used to construct the atti-

tude scales. For each statement, students could choose between strongly agree, agree,

disagree, and strongly disagree. Negatively asked statements were recoded such

that a higher value for an attitude scale means that students view the subject more
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favorably. In order to aggregate responses from several items to a one-dimensional

continuous variable with the use of item response theory, the Partial Credit Model

(Masters, 1982) was used.3 Student achievement in each subject is measured by five

plausible values that reflect the distribution of students’ estimated ability. The 2015

achievement scale was calibrated in order to make test scores comparable across

waves. I standardize the attitude and achievement scales by wave, country and

subject. Hence, the estimated coefficients can be interpreted in terms of standard

deviation changes in the outcome variable.

In my analysis, I use the following teacher and classroom characteristics:4 Nine

binary indicators for teacher experience that range from 0-2 years to 24 years and

more allow me to capture non-linear effects. Teacher education is measured by two

binary variables for a bachelor’s, or master’s degree respectively, and one binary

variable that equals one if the teacher has majored in the subject. At the classroom

level, I control for the number of students.

Descriptive Statistics

Table 3.1 displays the summary statistics by gender. Across countries and subjects,

girls on average perform better and are more engaged in the lessons. In contrast,

boys like learning the subjects more, are more confident in their abilities and tend to

value the subjects more. As Table 3.2 shows, there is a large gender heterogeneity

in performance and attitudes across different subjects. While girls on average have

better test scores and higher values for all attitude scales in biology and chemistry,

3The Partial credit model is a generalization of the dichotomous Rasch Model. Its central idea is
to estimate a latent trait θ conditional on the answers on the Likert scale. A higher value of the
latent variable increases the likelihood to agree with a positively asked statement. The probability of
scoring x points on item i is given by:

P (Xi = x) =
exp

x∑
k=0

(θ − δi + τik)

mi∑
h=0

exp
x∑
k=0

(θ − δi + τik)

where δi is the estimated difficulty of the item, τik are estimated step parameters and mi is the
number of response categories. In the 2015 wave, new items were added to construct the scales. The
items that are common to both waves were used to link both scales and place them on the same
metric (M. O. Martin, Mullis, & Hooper, 2016).

4The TIMSS 2011 wave offers an additional set of teacher attitude scales, such as career satisfaction
and confidence in teaching. Unfortunately, these scales were not created for the 2015 wave. In order
to ensure comparability between both waves and after verifying that the 2011 results are virtually
unchanged when I control for these additional teacher attitude scales, I exclude them in the analysis.

–85–



CHAPTER 3 Data and Descriptive Statistics

Table 3.1: Summary statistics.

Full sample Boys Girls

Mean St. Dv. Mean St. Dv. Mean St. Dv.

Outcome variables
Test Score 0.000 (1.00) −0.017 (1.03) 0.017 (0.97)
Students Like Learning Subject 0.000 (1.00) 0.022 (1.01) −0.022 (0.99)
Students Engaged in Lessons 0.000 (1.00) −0.019 (1.01) 0.018 (0.99)
Students Confidence in Abilities 0.000 (1.00) 0.052 (0.99) −0.051 (1.01)
Students Value Learning Subject 0.000 (1.00) 0.021 (1.04) −0.021 (0.96)

Teacher/classroom characteristics
Same-gender teacher 0.550 (0.50) 0.433 (0.50) 0.667 (0.47)
Teacher experience 0 to 2 years 0.092 (0.29) 0.089 (0.28) 0.094 (0.29)
. . . 3 to 5 years 0.131 (0.34) 0.128 (0.33) 0.134 (0.34)
. . . 6 to 8 years 0.115 (0.32) 0.115 (0.32) 0.115 (0.32)
. . . 9 to 11 years 0.105 (0.31) 0.105 (0.31) 0.105 (0.31)
. . . 12 to 14 years 0.086 (0.28) 0.086 (0.28) 0.085 (0.28)
. . . 15 to 17 years 0.087 (0.28) 0.088 (0.28) 0.086 (0.28)
. . . 18 to 20 years 0.076 (0.27) 0.078 (0.27) 0.075 (0.26)
. . . 21 to 23 years 0.061 (0.24) 0.063 (0.24) 0.059 (0.24)
. . . 24+ years 0.247 (0.43) 0.248 (0.43) 0.246 (0.43)
Teacher’s highest degree bachelor 0.625 (0.48) 0.619 (0.49) 0.631 (0.48)
Teacher’s highest degree master 0.261 (0.44) 0.266 (0.44) 0.255 (0.44)
Teacher has major in subject 0.880 (0.32) 0.880 (0.32) 0.880 (0.32)
Class size 28.539 (10.04) 28.433 (10.08) 28.645 (10.01)

Subjects
Math class 0.405 (0.49) 0.404 (0.49) 0.406 (0.49)
Physics class 0.070 (0.26) 0.071 (0.26) 0.069 (0.25)
Biology class 0.066 (0.25) 0.066 (0.25) 0.066 (0.25)
Chemistry class 0.059 (0.24) 0.059 (0.24) 0.058 (0.23)
Earth Science class 0.052 (0.22) 0.053 (0.22) 0.051 (0.22)
General Science class 0.307 (0.46) 0.305 (0.46) 0.309 (0.46)
Physics/Chemistry class 0.020 (0.14) 0.021 (0.14) 0.020 (0.14)
Biology/Earth Science class 0.021 (0.14) 0.022 (0.15) 0.021 (0.14)

Number of observations 1,029,760 516,699 513,061
Number of students 387,777 193,963 193,814

Notes: Matched student-teacher observations. Student weights are adjusted such that each country has the same contribution.

boys outperform girls and have more positive attitudes to the subject in physics and

earth science. An interesting pattern can be observed in mathematics and general

science: Despite better average performance of girls in both subjects, boys like

learning the subjects more, perceive both subjects as more valuable and are far more

confident in their abilities. This finding is consistent with Ceci et al. (2014).

Girls are much more likely to have a same-gender teacher, as Table 3.1 shows.

This difference stems from the fact in 34 out of 43 countries, the majority of teachers

in math and science are female, as shown in the third column of Table A-3.1 in

the appendix. However, there is a large variation among countries: The share of

female teachers ranges from below 25% in Japan to over 90% in Armenia, Georgia
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Table 3.2: Outcome variables by subject.

Math Physics Biology Chemistry Earth Science General Science

Boys Girls Boys Girls Boys Girls Boys Girls Boys Girls Boys Girls

Test Score −0.016 0.016 0.036 −0.037 −0.060 0.061 −0.036 0.037 0.030 −0.030 −0.028 0.027
Like Learning 0.040 −0.039 0.072 −0.072 −0.108 0.106 −0.045 0.045 0.002 −0.002 0.031 −0.030
Engagement −0.018 0.018 0.015 −0.014 −0.086 0.085 −0.057 0.057 −0.026 0.026 −0.003 0.003
Confidence 0.084 −0.083 0.073 −0.073 −0.078 0.077 −0.016 0.015 0.001 −0.001 0.057 −0.056
Value 0.033 −0.033 0.122 −0.121 −0.078 0.079 −0.035 0.034 0.055 −0.056 0.005 −0.005

Notes: Student weights are adjusted such that each country has the same contribution.

and Russia. For all other teacher and classroom characteristics, there are no large

gender differences. Teachers of boys and girls have almost the same experience and

qualification level, and the class sizes are almost equal.

3.4 Econometric Model

I use the following model to estimate the effect of a same-gender teacher in subject s

on student i’s outcome:

Yis = αXi + βSGis +λsGIRLi +θis +µi + εis︸ ︷︷ ︸
vis

(3.1)

where Xi is a vector of student-specific characteristics. SGis is a dummy variable

that equals one if a teacher and a student have the same gender. GIRLi is a binary

indicator for girls and the interaction with a subject fixed effect λs allows for gender

differences in outcomes between subjects. θis is a teacher fixed effect. In single-

gender classes, a teacher teaches only girls or boys, which means that SGis is either

zero or one for all students. In this case, it is impossible to distinguish between SGis

and θis as both variables are perfectly collinear. Hence, in the main specification,

I can infer the effect of a same-gender teacher only for students in coeducational

classes. An unobservable fixed effect µi captures individual ability. The error term

εis has zero mean and is assumed to be uncorrelated with all other characteristics.

With traditional OLS estimation, we can only estimate vis. If this composite error

term is correlated with the observable characteristics, traditional OLS estimates are

biased.

The main parameter of interest in this study is β. Hence, the major concern is

that the probability to be assigned to a same-gender teacher may be affected by the

ability of a student, i.e. Corr(SGis,µi) , 0. Dee (2007) shows that this assumption is
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violated in the United States: Boys with lower ability are more likely to have a male

teacher.

In order to account for potential endogeneity, I use a fixed effects model, which

exploits the fact that for each student, we observe outcomes in at least two subjects.5

The individual fixed effect µi is eliminated by subtracting the mean across subjects

from Equation (3.1):

Yis −Y i = β(SGis − SGi) + (λs −λ)GIRLi + (θis −θi) + (εis − εi) (3.2)

with Y i = 1
n

∑S
s=1Yis, SGi = 1

n

∑S
s=1SGis, λ = 1

n

∑S
s=1λs, θi = 1

n

∑S
s=1θis, εi = 1

n

∑S
s=1 εis

and S is the total number of different subjects for each student. As the individual

characteristics Xi and µi are constant across subjects, they drop out in the demeaned

equation.6

My identification strategy accounts for correlation between teacher gender and

individual ability, which is assumed to be constant across subjects. However, the

fixed effects estimates are still biased if there is a correlation between teacher gender

and the subject-specific ability. In contrast to Dee (2007), who compares outcomes

in mathematics and science with reading and history7, I only use outcomes from

mathematics and science subjects. These subjects require similar cognitive abilities,

such as logical thinking and analytical skills and the TIMSS sample correlation

between mathematics and science scores is over 0.90. Therefore, I expect the bias to

be smaller than in the study of Dee (2007).

In the second specification of the model, I estimate the outcome equation sepa-

rately for girls and boys. This enables me to analyze if there is gender heterogeneity

in the effect of a same-gender teacher on student outcomes. However, the advantage

of identifying gender-specific coefficients comes at a price: It is impossible to include

teacher fixed effects because of collinearity between the same-gender variable and

the teacher fixed effect. In order to keep a potential bias as small as possible, I control

for teacher characteristics. This specification also allows me to include students from

single-gender classes. The share of single-gender classes in my sample ranges from

5If we observe exactly two subjects for a particular student, the fixed effects model is equivalent to
the first differences estimator by Dee (2007).

6Estimating the model with standard STATA commands is computationally very expensive, as large
teacher indicator matrices have to be inverted. I use the reghdfe package (Correia, 2017), which
runs regressions with multiple fixed effects much faster by using fixed-point iteration.

7For each student, Dee (2007) has information about one of the following four student-subject
combinations: mathematics/English, mathematics/history, science/English and science/history.
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0% in Armenia, Botswana and Turkey to 91% in the United Arab Emirates, as Table

A-3.1 shows.

3.5 Results

Student achievement

Table A-3.3 in the appendix illustrates the estimated effect of a same-gender teacher

on student achievement. Comparing OLS8 and FE estimates provides some sugges-

tive evidence whether the gender of a teacher is correlated with student ability. In

such a case, OLS coefficients are biased. If the OLS estimates are larger (smaller) than

the FE estimates, students with higher ability are more (less) likely to be assigned to

a same-gender teacher. A comparison between column (1) and column (2) reveals

that the size of the coefficients differs by more than 0.01 in 27 out of the 43 countries

and by more than 0.03 in eight countries. In Japan and Turkey, the OLS coefficients

are significantly positive and the FE estimates are not statistically significant at the

5% level, which suggests that students with higher ability are more likely to have a

same-gender teacher. However, the opposite selection pattern can be observed in the

Ukraine: While the OLS estimates are not statistically significant, the FE estimates

are significantly positive. Students in the Ukraine improve their performance by

0.032 of a standard deviation under a same-gender teacher.

In a second comparison, I examine if the coefficients from the two FE models

in column (2) and column (3) differ. My preferred model in column (2) includes

student and teacher fixed effects, the FE model in column (3) controls for student

fixed effects and teacher characteristics. A comparison between both models allows

me to examine if unobserved teacher characteristics are correlated with teacher

gender. To ensure comparability of the two models, I restrict the sample to students

in coeducational classes in column (3). In 40 out of the 43 countries, the sizes of the

coefficients in columns (2) and (3) differ by 0.01 or less. Only in the Ukraine, the

significance of the coefficients changes from column (2) to column (3), however the

change in the size of the coefficient from 0.032 to 0.028 is rather small. These findings

provide evidence that the correlation between unobserved teacher characteristics

and teacher gender is not a major concern in my analysis.

8The OLS model includes the following student characteristics: parents’ highest education level, the
number of books at home, and a binary indicator for foreign-born students.
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Figure 3.2: Number of countries with significant coefficients on same-gender teacher (α =
0.05).

The gender-specific estimates are shown in columns (4) and (5). In my sample,

the United States is the only country in which boys’ performance benefits from a

same-gender teacher. The increase of 0.040 of a standard deviation is exactly equal

to the size of the effect that Dee (2007) reports. Girls have significantly higher test

scores under a same-gender teacher in Hong Kong (0.074), Israel (0.060), and Turkey

(0.023). The U.S. estimate for girls is negative, but not statistically significant at the

5% level. Dee (2007) finds a positive coefficient that is not significant as well. In

general, I do not find evidence that a same-gender teacher has an impact on student

achievement in the vast majority of countries. For this reason, the remainder of this

section focuses on student attitudes.

Student attitudes

Table A-3.4 in the appendix shows the estimated effect of a same-gender teacher on

student attitudes in my preferred specification, which includes student and teacher

fixed effects. The number of countries with significant coefficients is summarized in

Figure 3.2. In contrast to achievement, student attitudes are significantly positively

affected by a same-gender teacher in a large number of countries. It is important to

note that there is no country with a coefficient that is significantly negative for any

attitude scale. Out of the 43 countries in the sample, students are more engaged in

lessons under a same-gender teacher in 28 countries and like learning the subject

more in 22 countries. For the Engagement scale, the significant coefficients range

from 0.040 in Botswana to 0.166 in Japan and for the Like Learning scale from 0.041

in South Africa to 0.109 in Finland. The cross-country evidence for the effect of

a same-gender teacher on the other two attitude scales is less strong. In roughly

one quarter of countries, students are more confident in their abilities (10 out of

43 countries) and value the subject more (11 out of 41 countries) when taught by a
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Figure 3.3: Number of countries with significant coefficients on same-gender teacher (α =
0.05).

same-gender teacher. The significant effect sizes range from 0.043 in Kazakhstan

to 0.188 in Oman for the Confidence scale and from 0.047 in Malaysia to 0.095 in

Finland and Russia for the Value scale.

All four student attitude scales are significantly positive in the following five

countries: Finland, Hungary, Lithuania, Romania and Taiwan. The gender-specific

estimates, which are presented in Table A-3.5 in the appendix, allow me to answer

the question whether both genders benefit from a same-gender teacher in these five

countries. In this case, assigning a female teacher to a coeducational class would be

beneficial for girls at the cost for boys. In Finland, boys and girls are significantly

positively affected by same-gender teachers for three attitude scales. Boys in Hungary

benefit from same-gender teachers on the Like Learning, Engagement and Confidence

scales, while girls’ attitudes do not change. For the other three countries, girls have

higher values for all four attitude scales, while boys are unaffected by a same-gender

teacher with the exception of Lithuanian boys on the Like Learning scale.

Figure 3.3 compares the number of countries with significant coefficients by

gender. The gender differences are rather small for the Like Learning scale (10

significant coefficients for boys compared to 9 for girls) and the Value scale (5

compared to 7).9 For the Engagement scale there are 9 countries with positive

coefficients for boys and 18 for girls. The largest gender heterogeneity can be found

9The range of significant coefficients is also similar for both genders: The Like Learning scale ranges
from 0.080 in South Africa to 0.187 in Hungary for boys and from 0.069 in Kazakhstan to 0.216 in
Israel for girls. The Value scale ranges from 0.070 in New Zealand to 0.127 in Georgia for boys and
from 0.070 in Taiwan to 0.123 in Lithuania for girls.
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Figure 3.4: Number of countries with significant coefficients on same-gender teacher (α =
0.05).

for the Confidence scale: While girls assess themselves as more confident in 14

countries when they have a same-gender teacher, boys do so in only three countries.10

In Israel, South Korea, and Singapore, both girls and boys are more confident in their

abilities under a female teacher.

In order to find out which statements from the Confidence scale drive the gender

differences, I use each of the seven statements that were included in both TIMSS

waves as separate outcome variables. As student responses for each statement are

measured on an ordinal scale, I employ an ordered logit model with fixed effects11

proposed by Mukherjee, Ahn, Liu, Rathouz, and Sánchez (2008). Figure 3.4 shows

the number of countries in which a same-gender teacher has a significant effect on

student responses to the seven Confidence statements. The statements are numbered

in the same order as in Table A-3.2. A positive coefficient means that students are

more likely to choose a higher response category. For each statement, the number of

countries with significantly positive coefficients is larger for girls. For boys, there

are more countries with negative compared to positive coefficients for four out of

seven statements. The gender difference is largest for statement 6 (“My teacher tells

me I am good at subject”). While boys in four countries are significantly more likely

to respond positively to the statement under a same-gender teacher, the coefficient

10The Engagement scale ranges from 0.065 in South Africa to 0.243 in Japan for boys and from 0.081
in Kazakhstan to 0.294 in England for girls. The Confidence scale ranges from -0.110 in Israel to
0.110 in Botswana for boys and from 0.072 in Kazakhstan to 0.273 in Oman for girls.

11The results are very similar under the assumption that student responses are continuous in the
fixed effects model.
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is significantly negative in seven countries. In contrast, there are 17 countries with

positive coefficients for girls, and only one country with a negative coefficient. Out

of the seven Confidence statements, this is the only one which is concerned with a

direct channel from the teacher to the students.

Heterogeneity between subjects

This sub-section relaxes the assumption that a same-gender teacher has the same

effect on student outcomes in each subject. I focus on gender heterogeneity in the

effect of a same-gender teacher on student attitudes in two subjects, which are

particularly interesting: physics and biology.12 Among the TIMSS subjects, physics

can be viewed as the most male-dominated subject and biology as the most female-

dominated one. This is supported by data from the National Science Board (2016),

which report that females in the U.S. obtained only 19% of all physics bachelor

degrees, but 59% of all biology bachelor degrees. The female shares for earth science,

mathematics, and chemistry were 38%, 43%, and 48%, respectively. As illustrated in

Table 3.2, physics (biology) is the subject with the largest performance gap in favor

of boys (girls) across countries. Female teachers in male-dominated subjects and

male teachers in female-dominated subjects may have a stronger role model effect

and hence a larger impact on student attitudes.

The estimation results from 17 countries with biology and physics as subjects are

presented in Tables A-3.6 and A-3.7 in the appendix and summarized in Figures 3.5

and 3.6. Overall, there is little heterogeneity between the subjects when looking at

the number of countries with significant coefficients for both genders. For boys, there

are five countries in which one of the coefficients is significantly different between

physics and biology at the 5% level. We can observe four different combinations: A

positive biology coefficient and a negative physics coefficient for the Value scale in

Romania, a positive biology coefficient and an insignificant physics coefficient for

the Like Learning scale in Finland and the Value scale in Russia. In Kazakhstan the

effect in biology is negative, while it is insignificant in physics for the Confidence

12Estimating the effect of a same-gender teacher on all five outcome variables in each subject and by
gender would involve reporting more than 2000 coefficients, as shown in Table A-3.1: Students in
my sample from 27 countries have one general science class, in 17 countries physics and biology,
in 16 chemistry and in 14 earth science. In all 43 countries, students have a class in mathematics.
This means that there are 134 different country-subject categories, 5 outcomes and 3 sub-samples
(pooled sample, boys and girls) = 134 · 5 · 3 = 2010 coefficients.
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Figure 3.5: Number of countries with significant coefficients on same-gender teacher by
subject (α = 0.05).

scale and in Romania the biology coefficient is negative, while the physics coefficient

is positive for the Value scale.

For girls, the coefficients significantly differ between biology and physics, for

at least one attitude variable, in six countries. In Malta and Romania, girls benefit

from female biology teachers, while they are unaffected in physics for all attitude

scales.13 The same pattern can be observed in Armenia for the Engagement scale

and in Macedonia for the Like Learning scale. In contrast, girls in Morocco have

significantly positive physics coefficients for the Like Learning, the Engagement, and

the Confidence scales and only insignificant biology coefficients. Slovenian girls

value physics higher when they have a female teacher, while there is no effect in

biology. The evidence indicates that across countries both boys and girls do not

benefit stronger from a same-gender teacher in physics, respectively biology.

3.6 Conclusion

In this article, I analyze the effect of a same-gender teacher on student outcomes in

mathematics and science using data from 387,777 eighth-graders in 43 countries.

Apart from examining only student achievement as an outcome, I analyze the im-

pact of a same-gender teacher on student attitudes, using responses to 40 different

statements. Studies document that student attitudes to a particular subject, such as

13Except the Value scale in Malta for which it was not possible to estimate the effect of a same-gender
teacher.

–94–



CHAPTER 3 Conclusion0 0 0 2 0
4

0 2 0
3

0

10

20

30

Test Score Like Learning Engagement Confidence Value

Girls - Physics

Negative
Positive

0 0 0 2 0
4

0 2 0
3

0

10

20

30

Test Score Like Learning Engagement Confidence Value

Girls - Physics

Negative
Positive

0 0 0
3

0
5

0 2 0
3

0

10

20

30

Test Score Like Learning Engagement Confidence Value

Girls - Biology
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subject (α = 0.05).

confidence (Betz & Hackett, 1983), value perceptions of mathematics (Meece et al.,

1990), and beliefs about coursework enjoyment (Zafar, 2013) have a strong impact

on major selection in college.

My baseline estimates reveal that a same-gender teacher has no effect on student

performance, with the exception of only one country (Ukraine). The effect of a

same-gender teacher on student attitudes, however, is much stronger: Students are

more engaged in their lessons if taught by a same-gender teacher and like learning

the subject more in the majority of countries in the sample. In roughly one quarter

of the countries students are more confident in their abilities and value the subject

more under a same-gender teacher.

Regarding the gender-specific estimates, I find that boys improve their perfor-

mance under a male teacher only in the U.S., which is in line with Dee (2007). Girls’

performance benefits from a female teacher in three countries: Hong Kong, Israel,

and Turkey. My results indicate that girls are more engaged and confident in the

subjects in a larger number of countries. In Israel, South Korea, and Singapore both

boys and girls are more confident when taught by a female teacher. A comparison

between physics, which might be the most-male dominated subject in TIMSS, and

biology, which might be the most female-dominated subject, yields no substantial

difference in the effect of a same-gender teacher.

The implications for policy measures are ambiguous; in particular, my results do

not necessarily advocate single-gender education in countries where both genders

benefit from a same-gender teacher. Besides matching students to a same-gender
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teacher, single-gender education also involves changing the peer group and it may

affect social skills and gender stereotypes (C. L. Martin & Fabes, 2001; Hilliard &

Liben, 2010). In coeducational classes, promoting teachers of a particular gender

could make sense if one gender benefits from a same-gender teacher and the other

gender is not harmed by this measure. My results indicate that in Israel, Romania,

and Taiwan, girls have significantly higher values on all attitude scales under a

female teacher, while boys’ attitudes are unaffected by teacher gender. As the share

of female teachers is already over 70% in Romania, and even over 80% in Israel,

increasing this share further may not be meaningful from a policy perspective. In

Taiwan, on the other hand, promoting female teachers could be a good tool to bolster

equal opportunities, as currently only 40% of teachers in mathematics and science

are female.
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Table A-3.1: Country–level characteristics.

Sample size % Subjects

2011 2015 Fem Teach SG class Sci Phy Bio Che Ear

Armenia 5,463 – 0.921 – – 4 4 4 4

Australia 3,777 7,720 0.544 0.191 4 – – – –
Bahrain 4,492 4,530 0.535 0.833 4 – – – –
Botswana 5,025 5,130 0.414 – 4 – – – –
Canada – 6,880 0.591 0.035 4 – – – –
Chile 5,298 3,418 0.674 0.129 4 – – – –
Egypt – 7,634 0.508 0.665 4 – – – –
England 2,736 3,346 0.523 0.106 4 – – – –
Finland† 4,102 – 0.604 0.017 – 4 4 4 4

Georgia 4,546 4,035 0.918 0.001 – 4 4 4 4

Honduras 3,545 – 0.531 0.005 4 – – – –
Hong Kong 3,798 4,007 0.410 0.179 4 – – – –
Hungary 5,043 4,649 0.734 0.009 – 4 4 4 4

Indonesia 4,651 – 0.606 0.038 – 4 4 – –
Ireland – 4,256 0.667 0.401 4 – – – –
Israel 3,728 3,661 0.821 0.143 4 – – – –
Japan 3,892 2,912 0.243 0.028 4 – – – –
Kazakhstan 4,332 4,866 0.864 0.018 – 4 4 4 4

Korea 3,999 3,621 0.690 0.446 4 – – – –
Lebanon 3,810 3,435 0.573 0.156 – 4 4 4 4

Lithuania 4,683 4,170 0.884 0.006 – 4 4 4 4

Macedonia 3,250 – 0.605 0.001 – 4 4 4 4

Malaysia 5,622 8,423 0.775 0.069 4 – – – –
Malta – 3,413 0.661 0.898 – 4 4 4 4

Morocco† 8,502 12,183 0.319 0.023 – 4 4 4 4

New Zealand 4,894 7,309 0.535 0.354 4 – – – –
Norway 3,613 3,440 0.511 0.004 4 – – – –
Oman 9,039 8,306 0.496 0.892 4 – – – –
Qatar 4,311 4,820 0.497 0.804 4 – – – –
Romania 5,451 – 0.718 0.009 – 4 4 4 4

Russia 4,733 4,697 0.919 0.003 – 4 4 4 4

Singapore 5,819 6,025 0.615 0.186 4 – – – –
Slovenia 4,095 3,977 0.811 0.001 – 4 4 4 4

South Africa 10,520 11,909 0.490 0.028 4 – – – –
Sweden 4,122 3,739 0.551 0.004 – 4 4 4 –
Syria† 4,018 – 0.586 0.422 – 4 4 4 4

Taiwan 4,995 5,373 0.401 0.031 4 – – – –
Thailand 6,024 6,395 0.718 0.054 4 – – – –
Tunisia 4,949 – 0.510 0.001 4 – – – –
Turkey 6,784 6,049 0.475 – 4 – – – –
Ukraine 3,316 – 0.839 0.01 – 4 4 4 4

United Arab Emirates 10,157 10,261 0.564 0.909 4 – – – –
United States 6,447 5,607 0.655 0.013 4 – – – –

Notes: % Fem Teach is the sample share of female teachers in a country. % SS class is the share of students that are in single–
sex classes. A subject is marked with a 4 if the majority of students has lessons in this subject. Countries marked with a †
have one combined lesson in physics/chemistry and one combined lesson in biology/earth science.
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Table A-3.2: Construction of student attitude scales.

Variable Statements

Students Like Learning Subject 1. I enjoy learning [subject]
(Like Learning) 2. I wish I did not have to study [subject]*

3. [Subject] is boring*
4. I learn many interesting things in [subject]
5. I like [subject]
6. I like any schoolwork that involves [subject] (2015)
7. I like to solve [subject] problems (2015)
8. I look forward to [subject] class (2015)
9. [Subject] is one of my favorite subjects (2015)

Students Engaged in Lessons 1. I know what my teacher expects me to do
(Engagement) 2. My teacher is easy to understand

3. I am interested in what my teacher says
4. My teacher gives me interesting things to do
5. I think of things not related to the lesson* (2011)
6. My teacher has clear answers to my questions (2015)
7. My teacher is good at explaining [subject] (2015)
8. My teacher lets me show what I have learned (2015)
9. My teacher does a variety of things to help us learn (2015)
10. My teacher tells me how to do better when I make a mistake (2015)
11. My teacher listens to what I have to say (2015)

Students Confident in Subject 1. I usually do well in [subject]
(Confidence) 2. [Subject] is more difficult for me than for many of my classmates*

3. [Subject] is not one of my strengths*
4. I learn things quickly in [subject]
5. I am good at working out difficult [subject] problems
6. My teacher tells me I am good at [subject]
7. [Subject] is harder for me than any other subject*
8. [Subject] makes me confused and nervous* (2011)
9. My teacher thinks I can do well in [subject] with difficult materials (2011)
10. [Subject] makes me confused (2015)
11. [Subject] makes me nervous* (2015)

Students Value Learning Subject 1. I think learning [subject] will help me in my daily life
(Value) 2. I need [subject] to learn other school subjects

3. I need to do well in [subject] to get into the university of my choice
4. I need to do well in [subject] to get the job I want
5. I would like a job that involves using [subject]
6. It is important to do well in [subject]
7. It is important to learn about [subject] to get ahead in the world (2015)
8. Learning [subject] will give me more job opportunities (2015)
9. My parents think that it’s important to do well in [subject] (2015)

Notes: Students could choose between strongly agree (4) to strongly disagree (1) on a four point Likert scale. Negatively asked
statements are indicated with a ∗ and were recoded such that a value of 4 means strongly disagree.
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Table A-3.3: Effects of a same-gender teacher on student achievement. OLS and FE estimates.

Pooled sample Boys Girls

OLS (1) FE (2) FE (3) FE (4) FE (5)

Armenia −0.007 −0.001 0.007 0.009 0.022
(0.038) (0.022) (0.022) (0.042) (0.036)

Australia −0.011 −0.014 −0.015 −0.042 0.011
(0.019) (0.018) (0.016) (0.023) (0.024)

Bahrain −0.053 0.006 −0.001 0.101 0.050
(0.042) (0.024) (0.030) (0.071) (0.079)

Botswana 0.002 0.003 0.001 0.028 −0.008
(0.017) (0.009) (0.009) (0.023) (0.023)

Canada 0.011 0.017 0.001 0.026 −0.011
(0.026) (0.026) (0.028) (0.047) (0.049)

Chile 0.003 −0.009 −0.007 −0.014 0.023
(0.020) (0.021) (0.022) (0.026) (0.037)

Egypt 0.026 0.051 0.045 0.020 0.017
(0.041) (0.038) (0.037) (0.039) (0.032)

England −0.011 0.005 0.014 0.025 0.013
(0.019) (0.012) (0.013) (0.023) (0.023)

Finland −0.016 0.001 0.003 0.008 0.003
(0.029) (0.017) (0.018) (0.026) (0.028)

Georgia −0.006 −0.007 −0.007 0.027 −0.031
(0.031) (0.017) (0.018) (0.037) (0.032)

Honduras 0.029 0.009 0.006 0.010 0.029
(0.029) (0.017) (0.018) (0.034) (0.035)

Hong Kong 0.006 0.019 0.010 −0.023 0.074∗∗

(0.017) (0.012) (0.013) (0.024) (0.025)

Hungary 0.015 0.005 0.004 −0.004 0.013
(0.014) (0.007) (0.007) (0.011) (0.013)

Indonesia 0.003 0.024 0.014 −0.045 0.053
(0.029) (0.023) (0.023) (0.049) (0.046)

Ireland −0.012 0.036 0.038 0.001 0.048
(0.031) (0.024) (0.022) (0.026) (0.029)

Israel −0.051 0.007 0.011 −0.044 0.060∗

(0.031) (0.020) (0.019) (0.029) (0.028)

Japan 0.043∗ 0.005 0.005 −0.010 0.030
(0.021) (0.011) (0.012) (0.021) (0.023)

Kazakhstan 0.002 0.018 0.020 0.003 0.033
(0.016) (0.011) (0.013) (0.022) (0.023)

Korea 0.004 0.023 0.025 0.009 0.026
(0.025) (0.018) (0.018) (0.018) (0.019)

Lebanon 0.023 0.011 0.011 −0.018 0.001
(0.021) (0.018) (0.017) (0.035) (0.028)

Lithuania 0.010 0.006 0.009 0.001 0.016
(0.022) (0.011) (0.011) (0.018) (0.019)

Macedonia 0.000 0.013 0.010 −0.026 0.033
(0.022) (0.013) (0.012) (0.023) (0.025)

Student fixed effects – 4 4 4 4

. . . characteristics 4 – – – –

Teacher fixed effects 4 4 – – –
. . . characteristics – – 4 4 4

(Continued on next page)
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Table A-3.3 (continued).

Pooled sample Boys Girls

OLS (1) FE (2) FE (3) FE (4) FE (5)

Malaysia −0.001 0.020 0.020 0.011 0.033
(0.017) (0.015) (0.017) (0.038) (0.036)

Malta −0.011 0.022 0.027 0.013 0.007
(0.047) (0.034) (0.035) (0.023) (0.023)

Morocco 0.015 0.006 0.006 0.003 0.005
(0.012) (0.009) (0.008) (0.015) (0.017)

New Zealand −0.004 0.006 0.006 −0.001 0.027
(0.018) (0.013) (0.013) (0.020) (0.019)

Norway 0.043 −0.013 −0.007 −0.041 0.016
(0.026) (0.027) (0.024) (0.039) (0.037)

Oman −0.042 −0.001 −0.003 0.100 −0.094
(0.041) (0.033) (0.039) (0.063) (0.060)

Qatar −0.045 0.011 0.011 0.030 0.021
(0.026) (0.019) (0.020) (0.035) (0.053)

Romania 0.008 0.004 −0.001 −0.020 0.020
(0.023) (0.011) (0.011) (0.021) (0.019)

Russia −0.015 −0.002 −0.004 −0.022 0.028
(0.022) (0.015) (0.015) (0.024) (0.024)

Singapore 0.011 0.003 0.002 −0.006 0.010
(0.010) (0.010) (0.010) (0.013) (0.015)

Slovenia 0.031 0.011 0.010 0.017 0.003
(0.018) (0.012) (0.012) (0.014) (0.018)

South Africa 0.001 0.005 0.006 −0.012 0.024
(0.011) (0.008) (0.009) (0.017) (0.017)

Sweden 0.004 0.005 0.003 −0.004 −0.009
(0.025) (0.016) (0.014) (0.026) (0.025)

Syria 0.061 0.052 0.020 0.031 −0.001
(0.038) (0.048) (0.035) (0.053) (0.046)

Taiwan 0.009 0.008 0.009 −0.007 0.026
(0.014) (0.010) (0.010) (0.015) (0.017)

Thailand −0.006 0.000 0.002 −0.006 0.011
(0.017) (0.011) (0.011) (0.023) (0.024)

Tunisia 0.035 0.019 0.019 −0.011 0.051
(0.024) (0.021) (0.020) (0.033) (0.029)

Turkey 0.025∗ 0.008 0.010 0.001 0.023∗

(0.012) (0.008) (0.008) (0.014) (0.012)

Ukraine 0.010 0.032∗ 0.028 0.024 0.038
(0.030) (0.016) (0.016) (0.029) (0.025)

United Arab Emirates 0.002 0.023 0.034 −0.015 0.028
(0.038) (0.022) (0.023) (0.031) (0.038)

United States −0.018 0.004 0.005 0.040∗ −0.030
(0.014) (0.011) (0.010) (0.018) (0.017)

Student fixed effects – 4 4 4 4

. . . characteristics 4 – – – –

Teacher fixed effects 4 4 – – –
. . . characteristics – – 4 4 4

Notes: Robust standard errors in parentheses. * significant at 5% and ** significant at 1%.
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Table A-3.4: Effect of a same-gender teacher on student attitudes. Student and teacher FE.

Like Learning Engagement Confidence Value

Armenia 0.034 0.044 −0.002 0.005
(0.028) (0.026) (0.024) (0.027)

Australia 0.033 0.071∗∗ 0.040 0.028
(0.026) (0.024) (0.027) (0.025)

Bahrain 0.052 0.114∗ 0.107 0.017
(0.046) (0.053) (0.070) (0.046)

Botswana −0.001 0.040∗ −0.005 0.013
(0.021) (0.019) (0.021) (0.015)

Canada 0.104∗∗ 0.103∗∗ 0.065 0.055
(0.032) (0.036) (0.038) (0.037)

Chile 0.008 0.056∗ 0.020 0.026
(0.035) (0.027) (0.033) (0.030)

Egypt 0.054 0.007 0.032 0.052
(0.061) (0.050) (0.075) (0.053)

England 0.032 0.068∗ 0.015 0.049
(0.035) (0.028) (0.029) (0.028)

Finland 0.109∗∗ 0.153∗∗ 0.069∗∗ 0.095∗∗

(0.029) (0.025) (0.022) (0.022)

Georgia 0.027 0.007 0.026 0.021
(0.022) (0.020) (0.024) (0.032)

Honduras 0.069∗ 0.058∗ 0.026 –
(0.034) (0.028) (0.032)

Hong Kong 0.049∗ 0.031 0.034 0.023
(0.024) (0.021) (0.025) (0.022)

Hungary 0.103∗∗ 0.111∗∗ 0.055∗∗ 0.068∗∗

(0.014) (0.012) (0.012) (0.019)

Indonesia 0.038 0.104∗∗ 0.047 0.050
(0.036) (0.029) (0.035) (0.030)

Ireland 0.103∗ 0.097∗∗ 0.049 0.081∗

(0.040) (0.034) (0.042) (0.036)

Israel 0.056 0.101∗∗ 0.039 0.083∗

(0.040) (0.032) (0.038) (0.033)

Japan 0.065∗ 0.166∗∗ 0.090∗∗ 0.020
(0.026) (0.024) (0.023) (0.021)

Kazakhstan 0.046∗∗ 0.045∗∗ 0.043∗∗ 0.024
(0.015) (0.013) (0.014) (0.023)

Korea 0.052 0.079∗ 0.019 0.006
(0.039) (0.035) (0.035) (0.026)

Lebanon 0.022 0.042 0.042 0.049
(0.020) (0.023) (0.023) (0.026)

Lithuania 0.092∗∗ 0.113∗∗ 0.045∗∗ 0.063∗

(0.022) (0.019) (0.017) (0.026)

Macedonia 0.063∗∗ 0.052∗∗ 0.041 0.060∗∗

(0.024) (0.018) (0.023) (0.017)

Malaysia 0.045∗ 0.036 0.035 0.047∗

(0.021) (0.020) (0.023) (0.020)

Malta 0.014 −0.011 −0.046 –
(0.073) (0.067) (0.057)

Morocco 0.006 0.006 0.014 0.027
(0.015) (0.011) (0.013) (0.019)

(Continued on next page)
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Table A-3.4 (continued).

Like Learning Engagement Confidence Value

New Zealand 0.053∗ 0.080∗∗ 0.027 0.015
(0.025) (0.023) (0.024) (0.020)

Norway 0.020 0.064 0.006 0.029
(0.035) (0.036) (0.040) (0.036)

Oman 0.061∗ 0.108∗∗ 0.188∗∗ 0.014
(0.030) (0.037) (0.035) (0.042)

Qatar 0.047 0.045 0.041 0.041
(0.040) (0.033) (0.044) (0.044)

Romania 0.050∗∗ 0.065∗∗ 0.046∗ 0.054∗∗

(0.019) (0.018) (0.019) (0.018)

Russia 0.063∗ 0.069∗∗ 0.023 0.095∗∗

(0.025) (0.020) (0.024) (0.028)

Singapore −0.002 0.031 0.016 0.002
(0.021) (0.017) (0.020) (0.018)

Slovenia 0.076∗∗ 0.086∗∗ 0.021 0.060∗∗

(0.018) (0.017) (0.017) (0.022)

South Africa 0.041∗ 0.047∗∗ 0.015 0.016
(0.016) (0.013) (0.016) (0.013)

Sweden 0.063∗ 0.077∗ −0.002 −0.011
(0.028) (0.031) (0.028) (0.030)

Syria −0.011 0.053 0.084∗ 0.045
(0.058) (0.029) (0.042) (0.046)

Taiwan 0.067∗∗ 0.091∗∗ 0.046∗∗ 0.051∗∗

(0.017) (0.017) (0.016) (0.016)

Thailand 0.006 0.006 −0.016 −0.007
(0.025) (0.019) (0.025) (0.014)

Tunisia 0.048 0.037 0.020 0.023
(0.033) (0.029) (0.031) (0.029)

Turkey 0.062∗∗ 0.052∗∗ 0.028 0.020
(0.020) (0.019) (0.018) (0.016)

Ukraine 0.054∗ 0.057∗∗ 0.026 0.042
(0.021) (0.020) (0.023) (0.024)

United Arab Emirates 0.060 0.087 0.062 −0.004
(0.046) (0.048) (0.053) (0.039)

United States 0.065∗∗ 0.065∗∗ 0.053∗ 0.033
(0.022) (0.020) (0.022) (0.018)

Notes: Robust standard errors in parentheses. * significant at 5% and ** significant at 1%.
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Table A-3.5: Effect of a same-gender teacher on student attitudes by gender. Student FE and
teacher characteristics.

Like Learning Engagement Confidence Value

Boys Girls Boys Girls Boys Girls Boys Girls

Armenia −0.007 0.093 0.015 0.117∗ −0.050 0.063 −0.076 0.051
(0.082) (0.060) (0.064) (0.057) (0.054) (0.043) (0.058) (0.043)

Australia 0.039 0.056 −0.016 0.074 −0.075 0.151∗∗ 0.045 −0.016
(0.047) (0.034) (0.060) (0.068) (0.040) (0.039) (0.038) (0.031)

Bahrain −0.071 0.168 −0.002 0.110 0.068 0.139 0.011 0.095
(0.145) (0.110) (0.159) (0.127) (0.132) (0.156) (0.113) (0.106)

Botswana 0.124∗ −0.069 0.093 0.012 0.110∗ −0.115 0.077 −0.032
(0.053) (0.060) (0.059) (0.065) (0.046) (0.062) (0.045) (0.037)

Canada 0.103 0.115 −0.021 0.224∗∗ 0.007 0.064 0.013 0.096∗

(0.066) (0.061) (0.072) (0.086) (0.056) (0.078) (0.059) (0.044)

Chile 0.052 0.071 0.001 0.160∗ 0.016 0.106 0.038 0.074
(0.060) (0.059) (0.073) (0.067) (0.051) (0.059) (0.039) (0.044)

Egypt 0.018 −0.033 −0.023 −0.073 0.007 −0.009 −0.035 −0.057
(0.098) (0.104) (0.087) (0.077) (0.077) (0.093) (0.072) (0.072)

England 0.066 0.171∗∗ −0.039 0.294∗∗ 0.051 0.104∗ 0.078 0.046
(0.051) (0.059) (0.061) (0.074) (0.047) (0.052) (0.044) (0.053)

Finland 0.165∗∗ 0.044 0.163∗∗ 0.145∗∗ 0.046 0.084∗ 0.103∗∗ 0.089∗∗

(0.043) (0.045) (0.043) (0.054) (0.038) (0.036) (0.033) (0.030)

Georgia 0.078 0.073 −0.037 0.068 0.003 0.119∗ 0.127∗ −0.060
(0.053) (0.061) (0.045) (0.044) (0.042) (0.055) (0.057) (0.071)

Honduras −0.029 0.178∗∗ 0.021 0.134∗ −0.027 0.114 – –
(0.073) (0.064) (0.065) (0.068) (0.073) (0.065)

Hong Kong −0.055 0.096 −0.118 0.178∗∗ −0.094 0.129∗∗ −0.005 0.064
(0.054) (0.051) (0.074) (0.069) (0.050) (0.044) (0.042) (0.033)

Hungary 0.187∗∗ −0.014 0.137∗∗ 0.042 0.063∗ 0.024 0.066 0.041
(0.031) (0.036) (0.034) (0.037) (0.030) (0.028) (0.035) (0.030)

Indonesia 0.025 0.024 0.135∗ 0.066 −0.004 0.005 0.079 0.116∗

(0.078) (0.083) (0.060) (0.065) (0.087) (0.071) (0.067) (0.057)

Ireland 0.099 0.070 0.083 0.136∗ −0.002 0.059 0.017 0.018
(0.068) (0.049) (0.064) (0.066) (0.058) (0.050) (0.050) (0.046)

Israel −0.069 0.216∗∗ 0.005 0.186∗∗ −0.110∗ 0.222∗∗ 0.013 0.118∗

(0.059) (0.067) (0.056) (0.067) (0.052) (0.065) (0.060) (0.060)

Japan 0.121∗ 0.036 0.243∗∗ 0.102 0.094∗ 0.111∗ 0.026 0.035
(0.056) (0.045) (0.067) (0.065) (0.046) (0.046) (0.037) (0.023)

Kazakhstan 0.046 0.069∗ 0.019 0.081∗∗ 0.029 0.072∗∗ 0.011 0.029
(0.029) (0.029) (0.022) (0.023) (0.021) (0.025) (0.032) (0.041)

Korea 0.000 0.075∗ −0.095 0.247∗∗ −0.088∗ 0.074∗ −0.019 0.046
(0.039) (0.037) (0.058) (0.057) (0.036) (0.035) (0.030) (0.027)

Lebanon 0.036 −0.008 0.029 0.000 0.064 0.029 0.120∗∗ −0.042
(0.047) (0.056) (0.050) (0.052) (0.041) (0.053) (0.044) (0.053)

Lithuania 0.100∗ 0.125∗∗ 0.071 0.212∗∗ 0.006 0.107∗∗ 0.044 0.123∗∗

(0.041) (0.041) (0.043) (0.053) (0.034) (0.037) (0.042) (0.043)

Macedonia 0.009 0.087 0.021 0.079 0.008 0.044 0.076 0.047
(0.046) (0.053) (0.035) (0.046) (0.039) (0.049) (0.039) (0.038)

Malaysia 0.070 0.018 −0.012 0.079 0.010 0.036 0.038 0.010
(0.041) (0.050) (0.042) (0.053) (0.049) (0.050) (0.034) (0.041)

Malta 0.086 −0.004 −0.003 −0.062 −0.007 0.059 – –
(0.069) (0.058) (0.061) (0.059) (0.062) (0.052)

(Continued on next page)
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Table A-3.5 (continued).

Like Learning Engagement Confidence Value

Boys Girls Boys Girls Boys Girls Boys Girls

Morocco −0.049 0.039 −0.034 0.051 −0.049 0.029 0.004 0.048
(0.031) (0.034) (0.027) (0.031) (0.028) (0.028) (0.030) (0.036)

New Zealand 0.111∗ 0.046 0.114 0.199∗∗ 0.018 0.071 0.070∗ 0.017
(0.050) (0.050) (0.062) (0.065) (0.045) (0.036) (0.030) (0.027)

Norway 0.132 −0.042 0.188∗ −0.032 0.038 −0.029 0.078 0.031
(0.079) (0.068) (0.085) (0.093) (0.071) (0.080) (0.058) (0.057)

Oman 0.073 0.060 0.119 0.043 0.026 0.273∗∗ −0.008 0.049
(0.127) (0.091) (0.116) (0.074) (0.112) (0.092) (0.061) (0.047)

Qatar 0.134 −0.013 0.143 −0.030 0.164 0.028 0.108 0.004
(0.157) (0.102) (0.122) (0.075) (0.224) (0.131) (0.088) (0.090)

Romania −0.017 0.108∗∗ −0.003 0.132∗∗ −0.019 0.114∗∗ −0.002 0.101∗∗

(0.038) (0.039) (0.034) (0.037) (0.030) (0.034) (0.032) (0.030)

Russia 0.082 0.074 0.044 0.117∗ 0.049 0.041 0.104 0.120
(0.046) (0.048) (0.047) (0.047) (0.042) (0.043) (0.060) (0.065)

Singapore −0.042 0.043 −0.026 0.100∗ −0.083∗ 0.112∗∗ −0.017 0.005
(0.031) (0.034) (0.035) (0.041) (0.035) (0.035) (0.027) (0.030)

Slovenia 0.113∗∗ 0.041 0.113∗∗ 0.063 0.046 0.005 0.018 0.066
(0.040) (0.034) (0.039) (0.036) (0.031) (0.025) (0.038) (0.035)

South Africa 0.080∗∗ −0.010 0.065∗ −0.004 0.013 0.025 0.020 −0.007
(0.030) (0.037) (0.029) (0.039) (0.032) (0.039) (0.026) (0.031)

Sweden 0.139∗∗ −0.028 0.223∗∗ 0.013 0.028 −0.046 0.012 −0.069
(0.043) (0.049) (0.058) (0.082) (0.036) (0.044) (0.069) (0.053)

Syria 0.063 −0.027 −0.001 0.098∗ 0.048 −0.018 0.066 −0.039
(0.056) (0.078) (0.036) (0.049) (0.038) (0.069) (0.048) (0.049)

Taiwan 0.038 0.076∗∗ 0.023 0.148∗∗ −0.014 0.110∗∗ 0.028 0.070∗∗

(0.033) (0.027) (0.044) (0.042) (0.032) (0.029) (0.027) (0.018)

Thailand 0.058 0.004 0.009 0.013 −0.019 −0.008 −0.035 0.008
(0.056) (0.052) (0.043) (0.043) (0.052) (0.050) (0.034) (0.025)

Tunisia −0.009 0.088 0.013 0.060 0.032 0.060 −0.011 0.070
(0.074) (0.071) (0.044) (0.055) (0.058) (0.068) (0.063) (0.048)

Turkey 0.038 0.083∗ 0.046 0.037 0.006 0.068 0.045 0.015
(0.041) (0.042) (0.043) (0.048) (0.034) (0.038) (0.029) (0.029)

Ukraine 0.033 0.077 0.010 0.097 0.021 0.040 0.048 0.057
(0.043) (0.055) (0.045) (0.055) (0.042) (0.044) (0.039) (0.037)

United Arab Emirates 0.057 0.041 0.138 0.130 −0.006 0.087 0.063 0.102
(0.089) (0.096) (0.089) (0.102) (0.107) (0.106) (0.065) (0.071)

United States 0.176∗∗ −0.053 0.128∗ 0.043 0.074 0.032 0.071∗ −0.020
(0.046) (0.047) (0.051) (0.058) (0.042) (0.049) (0.033) (0.030)

Notes: Robust standard errors in parentheses. * significant at 5% and ** significant at 1%.
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Table A-3.6: Effect of a same-gender teacher on student attitudes by subject for boys. Esti-
mates with student and teacher FE.

Like Learning Engagement Confidence Value

Phy Bio p Phy Bio p Phy Bio p Phy Bio p

Armenia 0.033 −0.014 0.83 0.118 −0.215 0.13 0.022 −0.014 0.79 −0.056 −0.108 0.72
(0.116) (0.171) (0.071) (0.194) (0.087) (0.108) (0.094) (0.110)

Finland 0.073 0.318∗∗ 0.01 0.079 0.271∗∗ 0.06 0.076 0.154 0.42 0.065 0.179∗∗ 0.14
(0.062) (0.083) (0.060) (0.081) (0.057) (0.079) (0.053) (0.057)

Georgia 0.033 0.443 0.15 −0.031 0.210 0.13 −0.008 0.023 0.85 0.188∗∗ 0.304∗∗ 0.37
(0.083) (0.270) (0.084) (0.138) (0.063) (0.151) (0.066) (0.118)

Hungary 0.145∗ 0.182∗∗ 0.66 0.096 0.135∗ 0.64 0.020 0.051 0.68 0.158∗ 0.040 0.18
(0.058) (0.062) (0.063) (0.059) (0.049) (0.057) (0.068) (0.053)

Indonesia −0.086 0.062 0.26 0.097 0.215 0.35 −0.022 −0.102 0.50 0.068 0.117 0.68
(0.101) (0.121) (0.079) (0.110) (0.117) (0.115) (0.102) (0.086)

Kazakhstan 0.030 −0.083 0.13 0.032 −0.078 0.09 0.062 −0.112∗ 0.01 −0.066 −0.070 0.98
(0.046) (0.057) (0.036) (0.055) (0.035) (0.050) (0.053) (0.118)

Lebanon 0.004 0.038 0.78 −0.025 0.128 0.15 0.104 0.075 0.79 0.155∗ 0.090 0.55
(0.080) (0.093) (0.087) (0.071) (0.065) (0.093) (0.072) (0.083)

Lithuania 0.107 0.118 0.93 0.088 0.121 0.76 0.012 0.105 0.41 0.013 0.175∗ 0.06
(0.059) (0.107) (0.068) (0.091) (0.053) (0.095) (0.061) (0.070)

Macedonia 0.047 −0.082 0.34 −0.005 0.018 0.83 0.108 −0.055 0.13 0.052 0.073 0.84
(0.076) (0.113) (0.064) (0.077) (0.063) (0.084) (0.070) (0.084)

Malta 0.158 0.057 0.67 0.042 0.007 0.89 0.060 −0.095 0.51 – – –
(0.088) (0.209) (0.086) (0.235) (0.076) (0.226)

Morocco −0.135∗∗ 0.017 0.04 −0.109∗ 0.000 0.13 −0.098∗ −0.010 0.15 0.058 0.052 0.94
(0.050) (0.050) (0.045) (0.053) (0.039) (0.043) (0.054) (0.045)

Romania 0.128 −0.070 0.11 0.081 −0.106 0.09 0.076 −0.100 0.09 0.111∗ −0.160∗ 0.00
(0.072) (0.091) (0.070) (0.085) (0.050) (0.087) (0.053) (0.070)

Russia 0.029 0.206 0.17 0.025 0.119 0.41 0.047 0.188 0.27 0.056 0.284∗∗ 0.04
(0.055) (0.118) (0.061) (0.105) (0.056) (0.117) (0.086) (0.084)

Slovenia 0.090 0.028 0.65 0.123∗ −0.029 0.22 0.037 −0.037 0.47 0.040 0.062 0.85
(0.059) (0.124) (0.056) (0.114) (0.051) (0.095) (0.059) (0.104)

Sweden 0.158∗∗ 0.149∗ 0.90 0.253∗∗ 0.174∗ 0.20 0.064 0.052 0.85 −0.116 −0.096 0.90
(0.061) (0.071) (0.070) (0.075) (0.051) (0.066) (0.100) (0.116)

Syria 0.006 −0.067 0.52 −0.024 −0.077 0.53 0.083 −0.069 0.08 0.116 0.047 0.45
(0.070) (0.103) (0.058) (0.064) (0.056) (0.067) (0.070) (0.084)

Ukraine 0.010 0.004 0.98 −0.024 0.056 0.61 0.055 −0.025 0.51 0.015 0.137 0.29
(0.078) (0.165) (0.075) (0.128) (0.070) (0.100) (0.069) (0.090)

Notes: Robust standard errors in parentheses. * significant at 5% and ** significant at 1%. p is the p-value for the null
hypothesis that the coefficients in math and science are equal.

–109–



CHAPTER 3 Appendix: Tables

Table A-3.7: Effect of a same-gender teacher on student attitudes by subject for girls. Esti-
mates with student and teacher FE.

Like Learning Engagement Confidence Value

Phy Bio p Phy Bio p Phy Bio p Phy Bio p

Armenia 0.028 0.248 0.32 −0.080 0.390∗ 0.01 0.059 0.267 0.24 0.028 0.267∗ 0.12
(0.092) (0.185) (0.085) (0.152) (0.073) (0.160) (0.076) (0.122)

Finland 0.056 0.097 0.68 0.205∗∗ 0.165 0.74 0.115 0.097 0.84 0.143∗ 0.060 0.30
(0.066) (0.082) (0.079) (0.097) (0.065) (0.069) (0.056) (0.058)

Georgia 0.190 −0.333 0.08 0.129 −0.175 0.09 0.206∗ 0.043 0.45 −0.015 −0.262 0.21
(0.101) (0.280) (0.080) (0.163) (0.084) (0.196) (0.090) (0.184)

Hungary 0.037 −0.041 0.38 0.084 0.045 0.66 0.035 0.043 0.92 0.105 0.123∗∗ 0.83
(0.059) (0.079) (0.065) (0.069) (0.054) (0.067) (0.070) (0.047)

Indonesia 0.103 −0.218 0.08 0.085 −0.109 0.12 0.034 −0.124 0.27 0.148 0.039 0.41
(0.105) (0.193) (0.082) (0.132) (0.114) (0.158) (0.110) (0.104)

Kazakhstan 0.119∗ 0.059 0.45 0.131∗∗ 0.120∗ 0.88 0.063 0.081 0.82 0.052 0.060 0.93
(0.052) (0.061) (0.040) (0.058) (0.054) (0.053) (0.077) (0.060)

Lebanon −0.022 −0.201 0.20 −0.041 −0.162 0.36 −0.071 0.012 0.51 −0.159 −0.108 0.66
(0.085) (0.114) (0.099) (0.095) (0.078) (0.114) (0.084) (0.089)

Lithuania 0.108 0.017 0.41 0.142 0.217∗ 0.56 0.095 0.079 0.87 0.152∗ 0.039 0.28
(0.068) (0.093) (0.076) (0.102) (0.063) (0.082) (0.067) (0.078)

Macedonia −0.014 0.253∗ 0.08 0.085 0.022 0.63 −0.126 0.090 0.10 0.000 0.008 0.93
(0.091) (0.127) (0.075) (0.096) (0.079) (0.106) (0.055) (0.077)

Malta 0.038 0.423∗∗ 0.01 0.079 0.439∗∗ 0.04 −0.048 0.396∗∗ 0.00 – – –
(0.097) (0.125) (0.112) (0.142) (0.097) (0.135)

Morocco 0.161∗∗ −0.030 0.02 0.157∗∗ −0.011 0.04 0.161∗∗ −0.019 0.02 0.121 0.015 0.22
(0.059) (0.055) (0.057) (0.055) (0.055) (0.046) (0.069) (0.052)

Romania 0.006 0.265∗∗ 0.03 0.090 0.374∗∗ 0.01 0.031 0.318∗∗ 0.01 0.003 0.228∗∗ 0.02
(0.072) (0.096) (0.062) (0.091) (0.062) (0.092) (0.049) (0.085)

Russia 0.092 −0.192 0.08 0.160∗ −0.109 0.07 0.018 −0.240 0.08 0.156 −0.100 0.10
(0.065) (0.148) (0.066) (0.134) (0.061) (0.134) (0.091) (0.131)

Slovenia 0.062 −0.026 0.51 0.055 0.119 0.60 0.010 −0.009 0.85 0.156∗∗ −0.106 0.03
(0.052) (0.118) (0.058) (0.104) (0.043) (0.085) (0.057) (0.109)

Sweden 0.051 0.034 0.83 0.034 0.005 0.67 0.036 −0.017 0.43 0.012 −0.080 0.48
(0.066) (0.080) (0.088) (0.096) (0.056) (0.071) (0.101) (0.110)

Syria 0.026 −0.032 0.56 0.068 0.119 0.56 0.117 −0.040 0.12 −0.057 −0.020 0.67
(0.087) (0.111) (0.080) (0.069) (0.088) (0.105) (0.065) (0.080)

Ukraine 0.012 −0.091 0.64 0.011 0.004 0.96 −0.044 0.021 0.64 0.084 −0.018 0.41
(0.079) (0.202) (0.082) (0.145) (0.066) (0.125) (0.061) (0.098)

Notes: Robust standard errors in parentheses. * significant at 5% and ** significant at 1%. p is the p-value for the null
hypothesis that the coefficients in math and science are equal.
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