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Abstract: On average, boys score higher on math achievement tests and girls score
higher in reading; these gaps increase between primary and secondary school.
Using PISA, PIRLS, and TIMSS data, we investigate the role of early educational
tracking (sorting students into different types of secondary schools at an early age)
on gender gaps in test achievement in a cross-country difference-in-differences
framework. We find strong evidence that early tracking increases gender differ-
ences in reading. For math test scores, we do not find consistent evidence that early
tracking contributes to the gender gap.
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1 Introduction

Results from large-scale international achievement tests such as PISA (Programme for
International Student Assessment), TIMSS (Trends in International Mathematics and
Science Study), and PIRLS (Progress in International Reading Literacy Study) reveal
gender gaps in student test scores. On average, girls score higher than boys in reading,
while boys outperform girls in math (Guiso et al. 2008; OECD 2009a; OECD 2016b; Mullis
et al. 2015). At the mean, the reading gap is more pronounced than the mathematics
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gap, but high-scoring boys perform better than high-scoring girls in math (Baye and
Monseur 2016; Bedard and Cho 2010). A particularly worrying pattern emerges from
the data: the gaps in test scores that exist at the end of primary school become more
pronounced as school children age. The gap at the end of lower secondary school is
larger than the gap at the end of primary school (Baye and Monseur 2016; Fryer et al.
2010). Cultural differences across countries may help explain the widening gaps. For
example, the gap in math is less pronounced in gender-egalitarian countries (Else-
Quest et al. 2010; Stoet and Geary 2015). Educational institutions across countries may
also differently affect girls’ and boys’ schooling performance. The level of standardi-
zation in school (Connor et al. 2013), the sex composition in classes (Lee and Bryk 1986),
and variation in students’ socio-economic background (Legewie and DiPrete 2012)
have all been found to impact girls’ and boys’ performance differently.

In this paper we focus our analysis on the effect of one particular institutional
school setting: the age at which students are first sorted into different types of sec-
ondary school. In early tracking countries, lower secondary schools sort students into
tracks depending on their primary school performance; in late tracking countries, all
students attend the same lower secondary school with similar educational trajec-
tories." Several studies have investigated the impact of early tracking on overall
educational inequality, finding that it disadvantages the lowest-performing students
(Ammermiiller 2005; Hanushek and Wofsmann 2006; Montt 2011). Other assessments of
early tracking show that it has negative effects on political engagement (Van de
Werfhorst 2017); leads to worse test performance for the children of immigrants who
do not speak the language of the testing country at home (Ruhose and Guido 2016); and,
in contrast to these other findings, has slightly equalizing effects on the health out-
comes of people across educational classes (Delaruelle et al. 2019).

The contribution of the present paper is to study the effect of early tracking on
the gender gap in math and reading test scores. Existing literature on the topic of
early tracking and gender test score gaps has not reached a consensus finding. For
reading, the findings in van Hek et al. (2019) suggest that early tracking gives an
advantage to boys, while the analysis in Hermann and Kopasz (2019) suggests the
opposite. For math, too, the results are mixed. Bedard and Cho (2010) find that early
tracking is associated with a higher gender gap in achievement; Hermann and
Kopasz (2019) find that early tracking corresponds with a lower gender gap; and
Bodovski et al. (2020) find no statistically significant relationship between early

1 The age of first tracking usually doesn’t differ across regions within a country. Notable exceptions
include Germany, the effects of whose region-specific tracking systems have been studied widely (e.g.
Schindler and Bittmann 2021; Traini et al. 2021). Other exceptions have given the context for studies
looking at the relationship between early versus late tracking and gendered educational inequality in
Finland (Pekkarinen 2008) and Northern Ireland (Maurin and McNally 2007).
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tracking and the gender gap in math scores. A main reason for the discrepancy in
results is the inconsistency in data and especially method applied. None of these
papers employ an empirical strategy that could lead to a causal interpretation of
the results. Their insights are very important to the literature, but when assessing
the effect of early tracking on gender gaps in test performance, several other steps
need to be taken. In particular, the few existing studies looking at this question
either leave out fundamental variables that can help explain achievement gaps
(such as per-pupil expenditures or class time spent working on a particular sub-
ject); do not control for existing gaps in test scores at the end of primary school; or
do not include the information provided by the complex survey design in the data.

In this paper, we use a cross-country difference-in-differences approach, using
variation in countries’ age of first tracking as well as information on test scores from
before tracking (primary school, using TIMSS and PIRLS data) and after tracking
(secondary school, using PISA data) to see the effect of early tracking. empirical approach
is very similar to that taken by Ruhose and Guido (2016), who study the effect of early
tracking on the gap in test scores for children of immigrants versus native-born parents.

There are two theories to help frame our understanding of why early tracking
could contribute to a gender gap in test scores. first is the “maturity hypothesis,”
which can explain girls’ higher scores in reading. There are two streams to this
hypothesis, both based on the large literature showing that boys mature later than
girls (e.g. DiPrete and Jennings 2012; Tanner 1990). The streams differ in their
assumptions about the age at which the maturity gap emerges. The first stream says
that the maturity gap emerges at a young age, before even early tracking occurs,
giving girls in early tracking countries better chances of being selected for a more
rigorous academic track. Since all students perform better when they are grouped
with higher achievers (Altermatt and Pomerantz 2005; Hanushek and Kain 2003;
Huang 2009; Robertson and James 2003), girls placed onto higher tracks because of
their greater maturity will benefit from early tracking more than less-mature boys
(Bedard and Cho 2010; Jiirges and Schneider 2011). Early sorting seems indeed to be
related to alarge gap in reading scores: even controlling for test achievement at the
end of primary school, the gap in reading in early tracking countries is larger than
in late tracking countries (Jirges and Schneider 2011). The second stream of the
maturity hypothesis says that the maturity gap emerges later.” In this case, it will be
late tracking instead that benefits girls (Anderson et al. 2001; Keulers et al. 2010;
Pekkarinen 2008). Depending on when the maturity gap emerges and its alignment
with a country’s tracking age, girls can have a larger or smaller advantage from

2 Adolescent boys have lower grades and weaker educational aspirations, suggesting that the
maturity gap may indeed be most pronounced in these later years (Dubas et al. 1991; Daniel et al.
1982).
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tracking age. The streams of the maturity gap hypothesis help us understand the
size and timing of girls’ better performance in reading, but cannot explain why
boys score higher in mathematics.

A second theory can help explain girls’ lower average performance in mathe-
matics: that of gender roles and socialization that prescribe math as a “boy” subject.
Girls are less likely to participate in mathematics courses and boys are underrep-
resented in non-science subjects in secondary school (Langen et al. 2008; Pinxten
et al. 2012), in part because students adapt their focus in schooling based on gender
roles prescribed by parental, teacher, and peer beliefs about gender identity (Gal-
lagher and Kaufman 2004; Hadjar et al. 2014; Ma 2001). We suggest that socialization
can help explain why models of major choice based solely on student ability predict
that more girls should be in science, mathematics, economics, and engineering
majors while more boys should be in humanities, psychology, and social science-
orientated tracks than is actually the case (Hyde and Mertz 2009; Turner and Bowen
1999). Indeed ethnographers observe that high school students classify themselves
into social categories and try to find the best match between their own and their peers’
social identity (Eckert 1989). Moreover, teachers’ prejudices regarding girls’ and boys’
abilities in certain areas might affect how they treat and grade boys and girls (Hor-
stermann et al. 2010; Li 1999; Ziegler et al. 1998). Early tracking can lead to dispro-
portionate sorting into gender-typical fields because young children may be more
inclined to follow the socially assigned path for their biological sex, which would
increase gender gaps in both math (in favor of boys) and reading (in favor of girls).

2 Empirical Strategy

To study the link between early tracking and gender gaps in test scores, we use a
difference-in-differences (DiD) approach, following the progression in the relevant
literature from Hanushek and Woéfimann (2006), Ruhose and Guido (2016), and
Hermann and Kopasz (2019). Hermann and Kopasz (ibid.) are alone in having applied
cross-country DiD estimation methods to the analysis of early tracking and gender
differences in test scores. They used multilevel modelling and found that early
tracking raises girls’ achievement test scores. The present study goes beyond the
work of Hermann and Kopasz (ibid.) in four ways. First, we employ the appropriate
weights and multiple imputation scheme on the data in our analysis, which is
necessary to maximize the accuracy of the information in the data sets.> Second, we

3 Hermann and Kopasz (2019) do not mention the use of survey weights and multiple imputation in
their study, so we assume that they did not use them. Most studies on early tracking and gender
inequality apply weights and clustered standard errors, but only van Hek et al. (2019) correctly
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use more recent waves of the data (2015 for PISA and 2011 for TIMSS/PIRLS); in the
data section below we discuss why we choose to use these waves instead of the
currently most recent available data, TIMSS 2019, PIRLS 2016, and PISA 2018. Third,
we include a battery of important robustness checks to verify and deepen the un-
derstanding of our results. Fourth, we include important country- and student-level
information that justify the use of DiD to identify causal effects.

Follow the same empirical strategy to test for the effect of early tracking on test
scores gaps as Ruhose and Guido (2016). We define countries as early tracking if they
track students for the first time before the age of 15 (we test the sensitivity of this
cut-off point in robustness checks below). We estimate the following equation:

Yis= By+ P XET:xSECs x Gi + B, x ET. X G; + By x ET x SECs+
Bi % Gi x SECs + B x G; + g x SECs+ @
X0+ EZ(XxSEC) +Zm + II(Z % Gy) + U, + Vies

where Y is the test score of individual i in country c; the index s represents the test
score in secondary school. ET, is an indicator equal to 1 if the country is an early
tracking country. SEC, is an indicator equal to 1 if the individual is in secondary
school; this variable can be interpreted as a grade fixed effect. G; is an indicator equal
to 1 for the lower achieving sex, that is, it is equal to 1 for girls for the models
predicting math scores and equal to 1 for boys in the models predicting reading
scores. U, is a country fixed effect and captures all country-specific time invariant
factors. X is a vector that includes individual-level background variables, capturing
information on student age; minutes spent in mathematics and reading in school; the
number of books at home; and father’s and mother’s education. interact all of these
individual-level background variables with the indicator of whether a student is in
secondary school via SEC; x X.

textbfZ is a vector of four country-level time-variant control variables: GDP
growth; the year-on-year change in educational expenditures; the share of female
teachers; and an index measure of a country’s gender equality. We interact these
country-level measures with the gender indicator to test for different effects of these
country-level characteristics on male versus female students via Z x G;.

For causal identification of B, one has to make the following three identifying
assumptions. First, there are no unobservable factors correlating (a) the existence of
early tracking and (b) gender differences in primary school test achievement at
different points in the school year. The “different points in the school year” is rele-
vant because both TIMSS and PIRLS exams are conducted during but not exactly at
the end of the school year. The assumption implies that there should be no structural

incorporate the plausible values (that is, the plausible multiple imputation method) also recom-
mended by the OECD (2009b), though not in a causal DiD setting.
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differences between early and late tracking countries that change the gender gap
depending on when during the school year students are tested. This first assumption
would only be violated if, for example, parents in early tracking countries push girls
and boys differently at the end of primary school, which seems unlikely.

Second, there can be no unobservable factors that differently affect the evolution
of boys’ and girls’ test scores in early versus late tracking countries that are not
already present at the end of primary school. There are several potential examples of
such issues, such as if per-pupil expenditures between primary and secondary school
in early tracking countries increased or decreased to a different extent than in late
tracking countries and one gender benefited more from this change in expenditures.
Other potential confounding time effects might be if the share of female teachers
changed at different rates in early versus late tracking countries and the resulting
effects on students differ by gender (Diefenbach and Klein 2002), or if GDP grew
differently in late versus early tracking countries and these changes in GDP growth
between grade four and grade eight affected the performance of girls and boys
differently. These potential scenarios are the impetus for why we include controls for
GDP growth, education expenditure change, female teacher share, and overall
gender inequality in a country in our empirical models. Inclusion of these variables
eliminates time-effect distortions, and is one of the most important methodological
improvements over earlier studies. Only Bodovski et al. (2020) studying the rela-
tionship between school differentiation and the gender gap in math and science (but
not reading) include similar variables (though in the context of a non-causal analysis,
not taking differences at the end of primary school into account).*

Third and finally, we need to assume that there are no structural differences
between early and late tracking countries that could affect the gender gap depending
on whether students at the age of 15 are still in lower secondary school. Even though
this assumption is widely ignored in the literature, it is crucial when analyzing the
determinants of gender gaps in test achievement.® We therefore include information

4 A potential related issue is migration. We would have confounding time effects if there are
differences in the immigration rates between early and late tracking countries that are not already
captured in 3, and if these differences affect boys and girls differently. This is unlikely, but in PIRLS
2006 and TIMSS 2007 contain information on parents’ country of birth and we use it in robustness
checks below.

5 An example will illustrate: in Austria (an early tracking country), students usually choose between
different tracks a second time at the age of 14. At the age of 15, when PISA is conducted, some students
are already on tracks that are highly specialized in certain fields, such as technical or language-based
tracks with completely different curricula. The tracks are highly gender-differentiated: technical
schools comprise almost 75 % males, while social tracks comprise almost 85 % females (Austria 2017).
In many late tracking countries, however, the age of first selection is first at 16 (as shown in Table 1),
which means that the schools have a lower degree of gender differentiation at the age of 15, when
PISA is conducted. Early tracking might thus be correlated with gender differentiation at the age of 15.
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on “minutes spent in mathematics” and “minutes spent in test language” to the
models. As such, we compare students with the same time spent on these subjects; the
variables serve as a proxy for the degree of gender segregation in mathematics and
reading at the age of 15 and arguably fulfills assumption three.

School systems across countries differ in important ways, and in ways that may
be related to gender gaps in achievement scores in early versus late tracking
countries. By controlling for cross-country differences in GDP growth, changes in
school expenditures, the share of female teachers, and an index measure of gender
equality, as well as student-specific number of minutes spent in math and reading,
we arguably deal with most factors that would question the validity of a causal
interpretation of our results. In the next section we describe our data in more detail
before turning to the results in Section 4.

3 Data

We use the PIRLS 2011, TIMSS 2011, and PISA 2015 datasets for the main analysis. PISA
data come from the OECD while PIRLS (reading) and TIMSS (math) come from the
International Association for the Evaluation of Educational Achievement (IEA). All
three studies were first conducted in the late 1990s or early 2000s and were subse-
quently repeated every few years (PISA every three years, PIRLS every four years,
and TIMSS every five years) (IEA 2019a; IEA 2019b; OECD 2019).

Data from previous waves are used in some robustness checks. Data from
newer waves are available but are not appropriate for our empirical strategy. Our
main models compare PIRLS and TIMSS data on primary school students in 2011
with PISA data on secondary school students in 2015. The timing of these surveys
implies that the students we compare were born in the same year. Therefore,
comparing the students in these datasets allows us to eliminate any differences in
students related to birth cohort, such as social norms about gender while the child
was very young. The timing of newer waves of the data do not offer the opportunity
to control for birth cohort effects. The newest data available are on primary school
students in 2016 (PIRLS) and 2019 (TIMSS) and secondary school students in 2018
(PISA). These data do not line up to control for birth cohort effects. The other main
potential source of bias is time effects: much changed between 2011 and 2015 (e.g.
the economy in most sampled countries was stronger in 2015 than in 2011) that may
have affected school performance of boys and girls differently. We deal with this by
controlling for time-variant factors, such as per-pupil expenditures and GDP

Without controlling for this fact, f; might capture the effect of gender segregation at the age of 15
rather than the effect of early tracking.
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growth, and interacting these with gender. Newer waves of the data would also
have time-specific effects (especially comparing PIRLS 2016 to PISA 2018), while also
suffering from birth cohort effects. We thus use older data because they allow us to
at least eliminate birth cohort effects.

The most important difference between the PISA and the IEA datasets is that
the target population in PISA is 15-year-old students, whereas the TIMSS and PIRLS
samples comprise grade four students, who are 10 or 11. All datasets contain a full
set of responses from individual students, school principals, and parents to very
similar questions. Additionally, TIMSS (which asks about math, but not reading) is
the only of the three surveys conducted at grades four and eight. We exploit this
fact to perform the analysis within two available grades in TIMSS in a robustness
check below. For all analyses, we standardize the data such that the mean scores
are 500 with a standard deviation of 100. We use senate weights throughout the
analysis, which means that each country contributes equally to the results. This is
important in our context because the policy intervention (early tracking) is done on
the country level; for the overall analysis of the policy, the effects of the policy in
each country should be counted the same. Otherwise the effects of the policy in
larger countries, like Germany, would play a stronger role in the conclusions about
the effect of the policy.

To limit the range of cultural differences across countries in the sample, the
main analysis includes only European countries. Robustness checks based on addi-
tional OECD countries are shown below. Some European countries were dropped due
to important missing country-level data or because they were not included in one of
the three main datasets. If important individual-level data were missing, we impute
them using country averages. The 20 countries yield more than 200,000 individual-
level observations.

The multivariate regressions described in equation (1) include the following
individual-level control variables. “Age” indicates student’s age at the time of the
test. “Books” shows students’ response to the question “how many books do you
have at home?”; the response categories were “none or few books,” “one book-
shelf,” “one bookcase,” “two bookcases,” and “three or more bookcases.” We align
these answers into categories 1-5 in our data. “Books” together with the parents’
education variables act as family background proxy variables. We control for
dummy variables indicating the highest completed ISCED level of education of both
the father and the mother, measured as primary, secondary, or tertiary education.
In TIMSS and PIRLS, a variable on time spent in math and language is derived from
teacher’s response to the question, “In a typical week, how much time do you spend
on language/mathematics instruction and/or activities with the students?” In PISA,
students answer the question, “How many class periods per week are you typically
required to attend for the subjects in test language/mathematics?”
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On the country level, we derive control variables from other sources. The OECD
provides data on the age of first tracking (OECD 2013, Figure IV.2.4, p. 78; OECD 2016a,
Figure I1.5.8, p. 167). These data were double-checked with UNESCO’s World Data on
Education, which provide detailed information on different European education
systems (UNESCO Institute for Statistics 2013). Following Hanushek and Wéfimann
(2006) and Ruhose and Guido (2016), we define a country as early tracking if the first
tracking occurs before the age of 15. Countries that track students at 15 or later are
categorized as late tracking countries. Based on this definition, there are 10 late
tracking countries and 10 early tracking countries in the main model. Table 1 shows
the age of first tracking for the baseline sample countries and additional countries
used in robustness checks. Column 2 of Table 1 also reports the number of education
programs available for students at age 15 (OECD 2013, Figure IV.2.4; OECD 2016a,
Figure I1.5.8); the robustness section shows analysis based on the extent of track
segregation using the number of tracks as a policy variable.

We further control for four variables to reduce the threat of grade-variant
variables (that is, variables that change over time, as students move from grade
four to grade eight) to our identification strategy. First, the measures of a country’s
public education expenditure per pupil in primary and secondary school (as
percent of GDP per capita) are gathered by the Education Policy and Data Center
(EPDC 2019) and the Knoema database (Knoema 2019). We combine both datasets to
calculate the average change in primary education expenditure between 2007 and
2011 and the average change in secondary school spending between 2011 and 2015.
The underlying assumption is that students who participated in PIRLS/TIMSS in
2011 were exposed to the education expenditures in primary school between 2007
and 2011, whereas PISA participating students were affected by secondary educa-
tion expenditures between 2011 and 2015. Second, the definition of GDP growth
follows the same logic. PIRLS/TIMSS 2011 students were exposed to the GDP growth
between 2007 and 2011 while in primary school and PISA students were exposed to
GDP growth between 2011 and 2015 while in secondary school. The variable was
calculated based on GDP per capita (PPP current international dollars) supplied by
the World Bank International Comparison Program database (2013).

Third. we use data on the share of female teachers in primary school in 2011 and
in secondary school in 2015 provided by the UNESCO Institute for Statistics (2019).°
Finally we control for differences in country-level gender inequality, using the

6 For Italy, the Netherlands, Norway, and Denmark, the female share in primary school in 2011 and
for Bulgaria, the Czech Republic, Denmark, Spain, Finland, France, and Italy the female teacher share
in secondary school in 2015 is missing. However, the time series of the female share for both primary
and secondary school barely changed over time. Therefore, we impute the missing values in 2011 and
2015 for these countries by the average values of the years before and after the missing value.
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Table 1: Early tracking and late tracking countries.

Country Number of Earliest Tracking Sample
tracks tracking age

Baseline Reading Big Math Big

Austria 4 10  Early v v v
Netherlands 7 12 Early v v v
Belgium 4 12 Early v/ v v
Czech republic 6 11 Early v v v
Germany 4 10 Early v v v
Italy 4 14 Early v v v
Romania 2 14 Early v v v
Slovak republic 5 11 Early v v v
Slovenia 3 14 Early v v Y,
Hungary 3 11 Early v v N
Denmark 1 16 Late v v v
Finland 1 16  Late v v v
Ireland 4 15  Late v v v
Portugal 3 15 Late v v v
Lithuania 5 15 Late v v VA
Spain 1 16 Late v v v
UK 1 16 Late v v VA
Norway 1 16 Late v v v
Poland 1 16 Late v v v
Sweden 1 16  Late v v v
Bulgaria 3 13 Early v

Australia 1 16 Late v N
Colombia 2 15 Late v

France 3 15  Late v

Indonesia 1 15 Late v

Israel 2 15 Late v

New Zealand 1 16 Late v v
United States 1 16 Late v v
Japan 2 15  Late VA
Chile 1 16 Late Y,

Source: OECD (2013 Figure IV.2.4, p. 78), OECD (2016a Figure I1.5.8, p. 167) and UNESCO Institute for Statistics (2013).

Overall Global Gender Gap Index from 2011 to 2015 published by the World Economic
Forum (Hausmann et al. 2011; Hausmann et al. 2015).”

7 The index is based on 14 indicators that measure gender inequality in economic participation and
opportunity, educational attainment, health and survival, and political empowerment. Examples for
such indicators are wage equality for women and men for similar work, female enrollment rates over
male enrollment rates at different educational stages, and the share of women in parliament. The
higher the index, the smaller a country’s gender-based gaps in access to resources and opportunities.
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Table 2: Summary statistics, reading.

Variable Early tracking country Late tracking country
Primary Secondary Primary Secondary
school school school school
Share Female 49.0% 49.4% 49.3% 49.3%
Average Score Female 498.5 505.5 511.8 528.4
Average Score Male 484.8 480.8 491.4 499.1
Share Female Teacher 90.2 % 66.8 % 81.1% 66.1%
Average Age 10.3 15.8 10.3 15.8
Share Books 1 1.4% 15.1% 8.9% 12.6 %
Share Books 2 25.5% 16.5% 239% 16.0 %
Share Books 3 35.9% 30.9% 37.2% 31.8%
Share Books 4 15.1% 16.5% 17.0% 17.8%
Share Books 5 12.2% 20.9% 13.0% 21.9%
Share Father Primary Education 20.3% 124% 20.7% 18.3%
Share Father Secondary 58.4 % 51.3% 51.0 % 37.8%
Education
Share Father Tertiary Education 21.3% 36.3% 28.3% 43.9%
Share Mother Primary 19.1% 133% 15.2% 15.1%
Education
Share Mother Secondary 58.1% 49.6 % 47.2% 33.9%
Education
Share Mother Tertiary 22.8% 37.1% 37.6% 51.0 %
Education
Average Minutes Reading 421.85 190.94 362.13 220.1
Female Teacher Share 90 % 67 % 81% 66 %
GDP growth 1.1% 1.4% 0.9 % 21%
A Educational expenditures -1.0% -0.6 % 2.6% -3.1%
Gender Index 70.6 72.8 76.8 77.8

Tables 2 and 3 show summary statistics from the datasets on reading and math,
respectively. The four variables of the country-specific data is the same in both
tables. The female share of teachers is higher in primary school than in secondary
school, and it is higher in early tracking countries. GDP growth at the time students
were in secondary school was much stronger in late tracking countries. Changes in
educational spending also differed greatly across early versus late tracking coun-
tries. Late tracking countries have higher levels of gender equality. These differ-
ences in major social and economic indicators highlight the importance of
including these factors in our empirical model.
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Table 3: Summary statistics math.

Variable Early tracking country Late tracking country
Primary Secondary Primary Secondary
school school school school
Share Female 49.4% 49.4% 49.2 % 493 %
Average Score Female 495.1 494.6 499.3 504.0
Average Score Male 504.4 506.4 506.6 510.7
Average Age 10.3 15.8 10.3 15.8
Share Books 1 11.1% 15.1% 9.3% 12.6 %
Share Books 2 26.4% 16.5% 24.8% 16.0 %
Share Books 3 36.0 % 30.9 % 36.9 % 31.8%
Share Books 4 15.0 % 16.5 % 16.6 % 17.8%
Share Books 5 1.5% 20.9 % 12.4% 21.9%
Share Father Primary Education 21.0% 124 % 21.8% 18.3%
Share Father Secondary 58.8% 51.3% 52.9% 37.8%
Education
Share Father Tertiary Education 20.2% 36.3% 253 % 43.9%
Share Mother Primary 20.3% 133% 16.2 % 15.1%
Education
Share Mother Secondary 58.2% 49.6 % 50.6 % 33.9%
Education
Share Mother Tertiary 21.5% 371 % 33.1% 51.0%
Education
Average Minutes Math 267.2 179.58 266.52 210.11
Female Teacher Share 90 % 67 % 81% 66 %
GDP growth 1.1% 1.4% 0.9 % 2.1 %
A Educational expenditures -1.0% -0.6% 2.6% -3.1%
Gender Index 70.6 72.8 76.8 77.8

The reading data in Table 2 show that parents in late tracking countries are
higher educated than those in early tracking countries, and families in late tracking
countries have more books in the home. Students spend more class time on reading
in primary school than in secondary school; this is true in both early and late
tracking countries, though the change is smaller in late tracking countries. Similar
patterns can be seen in the math data in Table 3. Parental education, especially
mother’s education, is significantly higher in late tracking countries. Households in
late tracking countries have more books. Secondary school classes in late tracking
countries spend more time on math than comparable classes in early tracking
countries, though as in reading, the difference between primary and secondary
school is smaller in late tracking countries. These structural differences even in
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individual-level background characteristics across early versus late tracking
countries show the importance of comparing students with similar characteristics
to get at the effects of the early tracking policy on their performance.

Without controlling for personal-and country-level background characteris-
tics, we can see changes in the average gender-specific achievement gap across
gradesin early versus late tracking countries in Tables 2 and 3, as well as in Figure 1.
The average gender achievement gap in Figure 1is defined as the average test score
of the lower performing sex minus the average score of the higher performing sex.?
Therefore, a negative slope represents an increasing gender gap between primary
and secondary school, whereas a positive slope indicates a decreasing gender gap.
The negative slope in reading is steeper in early tracking countries than in late
tracking countries. The figure gives a visualization to the descriptive statistics in
Table 2. In the table we see that the gender gap in reading in late tracking countries
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Source: TIMSS and PIRLS 2011, PISA 2015, own calculations
Figure 1: Average gender achievement gap in early and late tracking countries. Note: The gender gap is

calculated as the difference in scores between the weaker achieving gender (girls for math, boys for
reading) minus the stronger achieving gender, thus always giving a negative result.

8 Figure 1 was calculated based on the 20 countries included in the main models.
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in primary school (21 points) is higher (28 points) in secondary school. The gap in
early tracking countries starts at a lower point in primary school (14 points) but
increases more dramatically to be much larger in secondary schools, to 26 points.
For math, late tracking countries achieve a narrowing of the gender gap between
primary and secondary school (the slope is positive and the gap goes from eight to
seven points, as shown in Table 2), while the gender gap in early tracking countries
increases slightly across school levels, from 9 to 11 points). It is interesting to note
that the gender gap in reading in primary school is stronger in late tracking
countries than it is in early tracking countries. We do not have an explanation for
this fact but note that it highlights the importance of comparing gaps between
primary school and secondary school to identify the effect of tracking policies,
which occur after primary school; we need to account for any existing differences
before the implementation of the policy.

4 Main Results

Table 4 shows the DiD results for reading and mathematics. The coefficient cor-
responding to the triple interaction term “Secondary x Early Tracking x Male/
Female” is the main parameter of interest (f; in equation (1)). A negative sign
implies a larger increase in the gender gap between primary and secondary school
in early versus late tracking countries. The models include country fixed effects,
driving the R* up so high.

The most important finding can be read from the top line of the table: early
educational tracking increases the gender gap in reading scores, while the effect on
math scores is smaller and statistically insignificant. In other words, tracking stu-
dents into more specialized secondary schools increases the gender gap in reading,
but does not affect the gender gap in math scores. For reading, early tracking leads to
a 7.4 point higher gap in test scores, meaning that early tracking increases the gender
gap in test achievement by 7.4 % of one standard deviation. This is a large impact,
considering that the average gap is 25 points at the end of lower secondary school (as
seen in Table 2); early tracking accounts for more than 25 % of the gap.

The DiD findings are consistent with the summary statistics given in Figure 1 and
Tables 2 and 3. For reading, we can see in Table 2 that boys’ scores improved from
primary school to secondary school in late tracking countries (achieving 491 points in
primary school and 499 in secondary school), but went down from primary school to
secondary school in early tracking countries (485 to 481 points, respectively). Girls’
scores increased from primary to secondary school in both early and late tracking
countries, but more so in late tracking countries. Figure 1 also shows that the gender
gap increased more dramatically in early tracking countries. Thus, the DiD results
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Table 4: Predictions of reading and math scores, main model.
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Dependent variable:

Reading Score

Mathematics
Score

Secondary x Early Tracking x
Male

Secondary x Male
Secondary x Early Tracking
Early Tracking x Male
Secondary

Male

Age

Age x Secondary

Books 2

Books 3

Books 4

Books 5

Secondary x Books 2
Secondary x Books 3
Secondary x Books 4
Secondary x Books 5
Father Secondary Educ.
Father Tertiary Educ.
Secondary x Father Sec.
Educ.

Secondary x Father Tert.
Educ.

Mother Secondary Educ.
Mother Tertiary Educ.
Secondary x Mother Sec.
Educ

Secondary x Mother Tert.
Educ

Minutes Spent Reading
Male x Minutes Reading

Gender Index

Male x Gender Index
Female Teacher Share

Male x Female Teacher Share

A Educ. Exp.
Male x A Educ. Exp.
GDP growth
Male x GDP growth

—7.443™" (2.488)

~16.166"" (2.001)
—0.055 (2.918)
6.842™" (1.888)
-182.233"™
(28.666)

91.374™ (17.241)
1.105 (1.240)
14.109™" (2.090)
40.932"" (1.852)
66.926™" (1.912)
84.700™" (1.957)
86.807"" (2.186)
-6.321"" (2.186)
—2.608 (2.346)
5.818™ (2.454)
23.756™" (2.570)
113217 (1.232)
33.775™ (1.431)

-4.082" (1.710)
-15.321"" (1.923)

21.508™" (1.468)
44.747™ (1.562)
-8.434™" (1.813)

-20.684™" (1.957)

—0.004 (0.006)

—0.040™" (0.007)

2.324"(0.461)
—0.770"" (0.158)
(0.183)

1.394™"
** (0.095)

—-0.615

-1.872"™" (0.226)
0.188 (0.158)

—4.290"™" (0.525)
(0.325)

ek

0.930

Secondary x Early Tracking x
Female

Secondary x Female
Secondary x Early Tracking
Early Tracking x Female
Secondary

Female

Age

Age x Secondary
Books 2

Books 3

Books 4

Books 5

Secondary x Books 2
Secondary x Books 3
Secondary x Books 4
Secondary x Books 5
Father Secondary Educ.
Father Tertiary Educ.
Secondary x Father Sec. Educ.

Secondary x Father Tert. Educ.

Mother Secondary Educ.
Mother Tertiary Educ.
Secondary x Mother Sec. Educ.

Secondary x Mother Tert.
Educ.

Minutes Spent in Math
Female x Minutes in Math
Gender Index

Female x Gender Index
Female Teacher Share
Female x Female Teacher
Share

A Educ. Exp.

Female x A Educ. Exp.
GDP growth

Female x GDP growth

—2.078 (3.005)

2.852 (2.871)
—6.230 (4.109)
—0.935 (2.268)
-176.928™"
(28.904)
~66.930"" (16.519)
1.432 (1.545)
12.354™" (2.122)
40.364™" (2.449)
69.031™ (2.396)
85.532"" (2.539)
85.148"" (2.681)
-9.225"™" (2.720)
—5.047" (2.757)
4.602 (2.938)
25.915™" (3.128)
8.466™ (1.491)
28.271™ (1.640)
1.029 (1.903)

-9.197™ (2.129)

20.762™" (1.789)
45.265™" (1.926)
-6.201"" (2.288)

-21.315™" (2.531)

0.070"" (0.016)
~0.063"" (0.017)
1.721"" (0.558)
0.480"" (0.139)
—0.108 (0.268)

0.240™ (0.114)

—0.463 (0.346)
—-0.157 (0.202)

-5.308" (0.601)
—0.716" (0.383)
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Table 4: (continued)

Dependent variable:
Reading Score Mathematics
Score
Country fixed effects Yes Yes
R squared 0.97 0.97
Country Observations 20 20
Early tracking countries 10 10
Observations 232,246 226,875

Notes: Standard errors were clustered on school level; significance levels are “p<0.1, “p<0.05, ""p<0.01; provided senate
weights were used and modified such that each country carries a weight of one; for the dependent variable “Reading
Score” and “Mathematics Score” plausible values were used and standardized at mean 500 and standard deviation 100
for each survey separately.

showing that early tracking increases the gender gap in reading is not surprising. The
results for math are also consistent with summary statistics in Figure 1and Table 3, in
that there were not large changes in math test scores for boys or girls between
primary and secondary school in either early or late tracking countries. Thus, it is no
wonder that the DiD estimate reveals no effect of early tracking on the gender gap in
test scores.

Aside from the main results, three sets of other results from Table 4 are worth
highlighting. First, in the school setting, a greater share of female teachers cor-
responds to a greater gender gap (in favor of girls) for reading and a higher share
of female teachers helps to mitigate the gender gap in math scores (as seen by the
positive and statistically significant coefficient on the interaction between the
female teacher share and being a female student). Next, surprisingly, spending
more class time on reading and math seems to be less helpful (math) or even
harmful (reading) to the scores of the weaker gender in the respective subjects -
though the coefficients are very small and thus perhaps not very meaningful. One
explanation for the negative coefficient on the interaction term with gender in
reading might be reverse causation: classes with larger gender gaps spend more
time on that subject later on. For math, more class time on the subject helps boys
but not girls.

Second, at home, having more books at home corresponds with higher test scores
in both reading and math — an unsurprising finding. Having three or more bookcases
athome (variables “Books 4” and “Books 5) is particularly helpful for secondary school
students. Similarly, having more highly educated parents corresponds with higher test
scores; the coefficients are larger for mother’s education than father’s education.
Interestingly, the impact of parental education on descendant test scores is stronger in
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primary school than in secondary school, as can be seen by the negative coefficients on
the interaction terms between parental education and secondary school.

Third, the overall economic situation in the country is also related to test
scores, and sometimes in gender-specific ways. Greater per-pupil expenditures are
associated with slightly lower reading scores, which is surprising and concerning,
though the coefficient is relatively small and again might be due to reverse cau-
sality (schools spend more in response to poor performance). Similarly, GDP
growth is associated with lower test scores. One potential explanation for these
findings is that the change in both variables was calculated between 2007 and 2015.
During this period, the financial crisis led to major economic decline. Since the
countries with the strongest educational performance in the dataset were most
affected by the economic crisis,” a temporary negative effect of growth in GDP and
educational expenditures on educational achievement might be conceivable.
Finally, we see that greater gender equality in the country is associated with higher
test scores in both math and reading for both boys and girls. In both subjects, it
benefits the test scores of girls more than boys.

There are two potentially surprising findings in Table 4. The first is the coeffi-
cient on “male” in the model predicting reading scores: it is positive, very large, and
statistically significant. This is counter-intuitive because indeed, boys have lower
scores on reading tests, as seen in Figure 1 and Table 2. This coefficient can be
explained by the interaction terms and the time-varying country-specific variables
included in the model. Table Al in the appendix shows how the coefficient on “male”
changes as we add more variables to the model. In the first column with no control
variables, we see that the coefficient on “male” is negative and statistically signifi-
cant, as expected. As we add control variables and interaction terms between the
control variables, this variable changes in sign and magnitude. In the third model in
Table Al, we include the gender equality index variable and its interaction with the
male dummy variable. With these inclusions, the coefficient on male alone becomes
large and statistically significant. This result occurs because the value of the gender
equality index is between 0 and 100, and as Tables 2 and 3 show, its average value lies
between 70.6 and 77.8. Thus, the coefficient “gender equality index x male” (-0.743)
times the actual value of the gender equality index (a number between 70 and 80),
added to the stand-alone male coefficient gives a total male “effect” that is much
smaller and much more in line with expectations. If we further consider the value of

9 For instance, Finland is by far the highest educational performance country in the analysis.
Finland’s average economic growth was 0.3 % between 2007 and 2015, whereas the mean growth
for all other baseline countries together was 1.3% for the same period. Other educationally
high-performing countries, such as the Netherlands or Denmark, recorded below-average GDP
growth in this period as well.
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the coefficient on “female teacher share x male” (—0.536) times the actual value of the
female teacher share (on average, a number between 67 and 90), then the overall
male “effect” is indeed negative, es expected.

The second surprising result in Table 4 is the coefficient on secondary school,
which is strongly negative and statistically significant in the model predicting
reading scores and the model predicting math scores. Again, Tables Al and A2 show
the development of the coefficient on this variable as we include more variables in
the specification. In the first column of both tables, without any controls, we see the
expected positive coefficient on secondary: test scores are, on average, higher in
secondary school, and this is more true for reading (Table A1) than math (Ta-
ble A2) — results in line with the summary statistics in Tables 2 and 3. When we add
students’ background characteristics in the second column of Tables Al and A2, the
coefficient on secondary becomes strongly negative. Again, this result can be
explained by the inclusion of other control variables in the model, and their
interaction with secondary school status. The base level for age, for example, is
zero, though all students in the data are over 10. Interacting the actual value of this
variable with the coefficient on “secondary x age” (which is between 12 and 14.1 in
each model in Tables Al and A2) gives a large positive number; combining this with
the stand-alone coefficient on “secondary” gets us closer to the expected (positive)
result. The same thinking is true for all other variables interacted with secondary
school status; the number of books at home is particularly powerful. Combining the
coefficients on the variables interacted with secondary school with the actual value
of the variables and adding these together shows a positive relationship between
secondary school and test scores.

In sum, early tracking is found to increase gender gaps in reading (7.3 % of one
standard deviation). In math, there is a statistically insignificant relationship be-
tween early tracking and the gender gap in test scores. These results are in contrast to
some studies in the literature; given the differences in the empirical strategies
employed, the divergence in findings is not particularly surprising. The findings in
van Hek et al. (2019) suggest that early tracking narrows the gender gap in reading;
our results are more in line with Hermann and Kopasz (2019), who find early tracking
to increase the reading gap. For math test scores, our results are in line with Bodovski
et al. (2020), who find no statistically significant relationship between early tracking
and the gender gap.

5 Robustness Checks

Most of our robustness checks are similar to those performed by Hanushek and
Woéfimann (2006), Ruhose and Guido (2016), and Hermann and Kopasz (2019). The
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tables in this section only report the parameter of interest (f;), but the estimates are
based on the complete model used in the main analysis.

5.1 Definition of Early Tracking

Our first set of robustness analyses investigates whether the main results are
driven by the definition of early tracking (thus far, the cut-off was tracking before
the age of 15). In the first column of Tables 5 and 6, this definition is replaced by the
number of education programs available for students at the age of 15. The number
of available tracks varies between one educational program for very late tracking
countries and up to seven educational programs for early tracking countries (see
Table 1). The measure of the number of tracks available is an indication of the
differentiation of a country’s school system. A negative coefficient on the variable
“number of tracks” indicates that greater differentiation before age 15 leads to
higher gender differences in test achievement. Table 5 reveals that this is exactly
the case for reading. In mathematics, the coefficient in Table 6 is close to zero; more
differentiation does not affect the gender gap in math scores.

Next, instead of strictly separating early and late tracking countries with a
particular cut-off age as in the main analysis, it is also possible to use the actual age of
first tracking, measured by a continuous variable. As shown in Table 1, the tracking
age varies between 10 in Austria and Germany and 16 in Northern European and

Table 5: Different definitions of early tracking in reading.

Dependent variable: Reading Score (main model DiD estimate: —7.443™)

Early tracking = Actual age of Without very early Early tracking =
no. of tracks [1-7] first tracking tracking countries tracking before

age 13
Secondary x Early ~ —1.872""(0.601)  1.112™ (0.514) —5.830" (2.427) -6.530"" (2.427)
Tracking x Male
Country fixed effects Yes Yes Yes Yes
Country 20 20 15 20
observations
Early tracking 10 10 5 7
countries
Observations 232,246 232,246 175,427 232,246

Notes: Standard errors were clustered on school level; significance levels are “p<0.1, “p<0.05, ""p<0.01; provided senate
weights were used and modified such that each country carries a weight of one; for the dependent variable “Reading
Score” plausible values were used and standardized at mean 500 and standard deviation 100 for each survey separately.
Very early is defined as tracking before the age of 12.
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Table 6: Different definitions for early tracking in mathematics.

Dependent variable: Mathematics score (full model DiD estimate: 2.078)

Early tracking = Actual age of  Without very early Early tracking =
no. of tracks first tracking  tracking countries tracking before

[1-7] age 13
Secondary x Early 0.383 (0.871) 0.733(0.617) -1.034 (4.424) -0.353 (2.969)
Tracking x Female
Country fixed effects Yes Yes Yes Yes
Country observations 20 20 15 20
Early tracking 10 10 5 7
countries
Observations 226,875 226,875 163,879 226,875

Notes: Standard errors were clustered on school level; significance levels are “p<0.1, *p<0.05, ""p<0.01; provided senate
weights were used and modified such that each country carries a weight of one; for the dependent variable
“Mathematics Score” plausible values were used and standardized at mean 500 and standard deviation 100 for each
survey separately. Very early is defined as tracking before the age of 12.

some Southern European countries. This test examines whether small changes (of
one year) in the tracking age change the effect of early tracking on the gender gap in
test scores. Results of this exercise are shown in the second column of Tables 5 and 6.
A positive coefficient indicates that earlier tracking increases the gender gap in test
scores. This is the case for reading scores: for both subjects, every one year increase
in the age of first tracking leads to a smaller negative effect of early tracking on the
gender gap in test achievement. For math test scores, the effect of tracking at an
earlier age defined in this way remains statistically insignificant.

In the third robustness check, we examine whether the main results are driven
by countries with very early tracking. To do so, we remove the five countries whose
first tracking occurs at age 10 or 11 from the sample. The results are given in the third
column of Tables 5 and 6. The results are consistent with the main findings. Even
without very early tracking countries in the sample, early tracking increases the
gender gap in reading, and it has no statistically significant effect on the gender gap
in math scores. Finally, we check the robustness of the exact cutoff age used in the
main analysis. Here we change the cut-off of early versus late tracking from 15 to 13.
Using this definition, there is still a strong effect of early tracking on the gender gap in
reading. The coefficient for math remains statistically insignificant.

Taken together, the results of these analyses show that the main findings are not
driven by the definition of “early” tracking or the exact age at which the tracking
occurs.
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5.2 Additional Countries

The main analysis uses data from 20 European countries. Using data from countries
in other regions gives us the opportunity to check the main model’s sensitivity to a
broader range of institutional contexts. Similar results for this extended model
would be an indication that the results for the 20 European countries in the main
results have international external validity. The additional countries and their
tracking ages can be seen in the lower portion of Table 1. Countries added for the
reading and math models are shown in the column “Reading Big” and “Math Big,”
respectively. The choice of countries was based solely on the availability of vari-
ables used in the main model. There are eight additional countries for the big
sample for reading (seven of which are late tracking) and five additional countries
for the big sample for math (all of which are late tracking). The results are pre-
sented in Table 7.1 Adding the new countries results in only minor changes in the
parameter of interest for the reading results. However, for math, the coefficient
becomes large and statistically significant. We thus have evidence that the effect of
early tracking on the gender gap in math test scores depends on the countries
included in the sample.

A second test addresses the role of any one country on determining the results.
Minor differences for the effect of early tracking depending on the sub-sample of
countries used can be expected. It is, however, important to ensure that the main

Table 7: Results using the big sample in reading and mathematics.

Big Sample (main model DiD estimate: —7.443™"

and -2.078)

Reading Mathematics
Secondary x Early Tracking x Gender —6.172"" (2.028) -4.216" (2.020)
Country fixed effects Yes Yes
R 0.974 0.976
Country observations 28 25
Early tracking countries 1 10
Observations 322,275 321,450

Notes: Standard errors were clustered on school level; significance levels are ‘p<0.1, "p<0.05, 'p<0.01; senate weights
were used such that each country carries a weight of one; for the dependent variable plausible values were used and
standardized at mean 500 and standard deviation 100 for each survey separately. Due to missing data in the big
mathematics model, parents’ education was dropped.

10 Due to missing data in the big sample math model, mother’s and father’s education was dropped.
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model result is not solely driven by certain unobservable characteristics of one
particular country. Following Ruhose and Guido (2016) to rule out a single country’s
relevance for the main results, we perform a piece-wise deletion of one country at a
time and a re-estimation of the main model. Table 8 gives these results. The first
column shows which country was excluded from the analysis. The table is read as
follows: If Austria is excluded from the sample, i.e. the main model is estimated for
nine early and 10 late tracking countries, the parameter of interest is —7.132 in
reading and —1.125 in mathematics. If only the Czech Republic is excluded, the values
change to —6.347 in reading and to —3.316 in mathematics.

Table 8: Impact of dropping single countries in reading and mathematics.

Dependent variable: Reading Score (main model DiD estimate: —7.443™)

Excluded country Secondary x Excluded Secondary x
Early Tracking x Male country Early Tracking x

Male

Austria -7.132"" (2.527) Belgium -8.085"" (2.572)
Czech republic —6.347" (2.567) Germany -8.146™" (2.604)
Denmark -6.958" (2.571) Spain ~7.996™" (2.565)
Finland -8.204™" (2.565) Great Britain -5.902" (2.618)
Hungary ~7.475™" (2.540) Ireland —9.429"" (2.553)
Italy -7.937"" (2.527) Lithuania -7.682"" (2.527)
Netherlands -6.967"" (2.579) Norway -9.159™" (2.535)
Poland -7.018"™" (2.597) Portugal —5.458" (2.547)
Romania —6.245" (2.461) Slovakia ~7.540™" (2.649)
Slovenia -6.352" (2.604) Sweden -8.784™" (2.497)

Dependent variable: Mathematics Score (full model DiD estimate: —2.078)

Excluded country Secondary x Excluded Secondary x
Early Tracking x Female country Early Tracking x

Female

Austria -1.125 (3.133) Belgium -2.180 (3.207)
Czech republic -3.316 (2.950) Germany -1.266 (3.215)
Denmark -2.112 (3.184) Spain -3.141 (3.022)
Finland —0.459 (3.058) Great Britain -3.414 (3.224)
Hungary -2.536 (3.133) Ireland -0.640 (2.983)
Italy -1.178 (3.163) Lithuania —-3.008 (3.1015)
Netherlands —2.264 (3.007) Norway -0.257 (3.094)
Poland —2.535 (3.057) Portugal -2.920 (3.117)
Romania —-2.911 (3.024) Slovakia —1.829 (3.004)
Slovenia —2.291 (2.987) Sweden -1.581 (3.105)

Notes: Standard errors were clustered on school level; significant levels are “p<0.1, “p<0.05, *"p<0.01; provided senate
weights were used and modified such that each country carries a weight of one; for the dependent variables plausible
values were used and standardized at mean 500 and standard deviation 100 for each survey separately; coefficients are
based on the full models.
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In reading, results are statistically significant no matter which country is
excluded. It is interesting to note that when Northern European countries are
excluded, the effect of early tracking on gender differences in reading increases (that
is, the coefficient raises above the baseline level of 7.4 points). These results emerge
because all Northern European countries are late tracking countries with relatively
large gender differences in reading scores. In mathematics, regardless of which
single European country is left out of the analysis, the coefficient remains statistically
insignificant.

5.3 Dataset Timing

In this section, we check the robustness of our results using earlier waves of the data
and using TIMSS data from both grade four and grade eight. These exercises allow us
to check if the effect of early tracking is stable over time, and if our models produce
results similar to other studies using the same data. To use older data, we must drop
four countries in the reading analysis and up to seven countries in the math analysis
due to missing data. When we do the analysis comparing TIMSS data from grade four
and grade eight, we only have data on two early tracking countries.

The first analysis in this section changes the combination of dataset years used.
The main analysis matches PIRLS/TIMSS 2011 with PISA 2015 data, which allowed us
to observe students at different schooling levels who were born in the same year,
thus eliminating potential birth cohort effects. We deal with any potential biasing
time effects by interacting the change in educational expenditures, GDP growth, the
share of female teachers, and the gender index with the gender of the pupil
Matching two datasets of the same year eliminates the possibility of any time
effects, but the existence of biasing birth cohort effects may exist. Matching PIRLS/
TIMSS 2011 data with PISA 2012 data removes most time effects but introduces
potential cohort effects. For this exercise, we do not include the country controls
used in the main analysis (that is, changes in GDP growth, educational expendi-
tures, share of female teachers, and gender inequality index over time) because
those over-time changes are irrelevant when we compare datasets from the same
year or from just one year apart.

The results of matching PIRLS/TIMSS 2011 with PISA 2012 data can be found in
the first column of Tables 9 and 10. They show that the negative effect of early
tracking on gender differences in reading achievement are slightly smaller but
similar to the main results. The results for math using these two datasets are very
similar to the results in the main model: a negative but small and statistically
insignificant effect of early tracking.
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Table 9: Different data matching in reading.

Dependent variable: Reading Score (main model DiD estimate:

ok

-7.443 )
Data PIRLS 11 PIRLS 06 PIRLS 06
Match PISA 12 PISA 12 PISA 12
Secondary x Early Tracking x Male ~ —5.154" (2.178)  —12.362""(2.594)  —11.312"" (2.677)
Country fixed effects Yes Yes Yes
R? 0.969 0.969 0.970
Country observations 20 16 16
Early tracking countries 10 9 9
Observations 261,242 213,019 205,614

Notes: Standard errors were clustered on school level; significance levels are “p<0.1, “p<0.05, ""p<0.01; senate weights
were used such that each country carries a weight of one; for the dependent variable “Reading Score” plausible values
were used and standardized at mean 500 and standard deviation 100 for each survey separately. The second PIRLS 06
and PISA 12 match additionally accounts for parents’ country of birth.

Table 10: Different data matching in mathematics.

Dependent variable: Mathematics Score (main model DiD esti-

mate: —2.078)
Data TIMSS 11 TIMSS 07 TIMSS 07 TIMSS grade 4
Match PISA 12 PISA 12 PISA 12 TIMSS grade 8

Secondary x Early Tracking x Female -1.098 (3.202) -1.025(3.212) -2.359(2.577) -2.359(2.577)

Country fixed effects Yes Yes Yes Yes

R 0.97 0.97 0.97 0.97
Country observations 20 13 13 10
Early tracking countries 10 5 5 2
Observations 255,871 151,912 146,695 107,598

Notes: Standard errors were clustered on school level; significance levels are "p<0.1, “p<0.05, ""p<0.01; senate weights
were used such that each country carries a weight of one; for the dependent variable “Mathematics Score” plausible
values were used and standardized at mean 500 and standard deviation 100 for each survey separately. The second
TIMSS 07 and PISA 12 match additionally accounts for parents’ country of birth.

Our second exercise looks at how the effect of early tracking may have changed
over time. Theoretically, the effect of early tracking on gender differences should not
change significantly over small periods of time. To test this, we calculate the DiD
estimate by pooling primary school data from 2006 PIRLS (for reading) and 2007
TIMSS (for math) with secondary school data from PISA 2012; results are given in the
second column in Tables 9 and 10. In these earlier data, we do not have information
on four countries that were in the main analysis (Czech Republic, Finland, Ireland,
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and Portugal). The coefficient on the effect of early tracking in reading gender gaps was
over 12 points in the earlier data. When pairing the earlier data for the math analysis,
we must drop seven countries (Romania, Belgium, Finland, Spain, Ireland, Portugal,
and Poland) from the analysis due to data constraints. The result is parallel to the main
findings: a small, negative, and statistically insignificant effect of early tracking,

Third, the impossibility of controlling for migrant status in the main models
might have led to biased results. Unlike the 2011 datasets, TIMSS 2007 and PIRLS
2006 measure parents’ country of birth.™ In the third column of Tables 9 and 10, this
variable was added to the model in column two. When comparing columns two and
three, any biased results in relation to the student’s migrant status can be ruled out;
the migration variable does not change the estimate in any meaningful way.

Finally, we consider that TIMSS data are not only available at grade four but
also measures students’ test scores four years later, at grade eight. Matching TIMSS
grade four with TIMSS grade eight data, instead of only using PISA data at the
secondary level, has two advantages. First, since PISA and TIMSS don’t measure
exactly the same, we can test whether results are sensitive to the particular sec-
ondary school data used. The second advantage is that PISA and TIMSS grade eight
surveys are carried out for sightly different student ages. In the PISA study, stu-
dents are usually slightly older. We did not use TIMSS grade four and grade eight
data as our main model because TIMSS has data on math but not reading. In
addition, for our set of control variables, only a limited number of countries are
available (only two early tracking countries and eight late tracking countries)."
Results using data from TIMSS 2011 grade four and TIMSS 2015 grade eight are
presented in column four of Table 10. The coefficient of interest is slightly larger
than the coefficient in the main model, but it too is statistically insignificant.

In sum, the robustness checks show that the effect of early tracking on gender
differences in reading is consistent across different years and countries included in
the analysis. We conclude that the main results for the effect of early tracking on
the gender gap in reading scores are robust. In mathematics, the main results are
statistically insignificant and remain so throughout almost all robustness checks.
The one exception is when we include five non-European late-tracking countries;
their inclusion leads to a statistically significant coefficient measuring the effect of
early tracking. Otherwise, there is overwhelming evidence that for the 20 European
countries in the sample, early tracking does not lead to an increase in the gender
gap in math test scores.

11 Our migration background variable in these specifications is equal to one if at least one parent
was born outside the test country.

12 All countries in the main model were used for estimation, but many countries are missing data on
key control variables.
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6 Conclusions

In this paper, we investigated the impact of early educational tracking on the
widening gender gap in educational performance between primary and secondary
school. We estimated a difference-in-differences model using cross-country vari-
ation in the age of first educational tracking as a policy variable. We used large-
scale international test studies at the primary and secondary school level for
reading and math. Applying these data allowed us to compare boys’ and girls’ test
scores between early and late tracking countries in secondary school, conditional
on gender differences that already existed in primary school. By applying a cross-
country DiD model taking into account a wide range of control variables absent in
previous literature and all characteristics of a complex sample design, this study
could produce causal estimates of the effect of early tracking on the change in the
gender gap in test scores between primary and secondary school.

The results for reading indicate that early tracking increases gender differences
between primary and secondary school. A wide range of robustness checks confirm
the results. Our empirical results on the gender gap in reading scores are in line with
the the first stream of the maturity hypothesis, which predicted stronger gender gaps
in reading for countries with early tracking instead of late tracking. The reading
results are also consistent with our gender roles hypothesis, which predicted that
early tracking widens the gender gap both in reading and mathematics. For math
scores, almost across the board, there is no evidence that early tracking affects the
gender gap in test scores. The sole exception is when we include five non-European
late-tracking countries in the sample. Overall, the results do not give evidence to
conclude that early tracking impacts the gender gap in math scores.

The findings for reading are in line with the results in Hermann and Kopasz
(2019), while van Hek et al. (2019) found the opposite. The latter used non-causal
methods and is thus not comparable. As reproduced in this study, the results for
the effect of early tracking on the gender gap in mathematics are sensitive to
several details of the analysis. Using less recent data, Bedard and Cho (2010)
concluded that early tracking related to worse performance for girls in mathe-
matics. Hermann and Kopasz (2019), however, have shown early tracking to be
positively related to girls’ performance in mathematics. Bodovski et al. (2020), like
us, found a statistically insignificant relationship between early tracking and
gender gaps in mathematics.

The key conclusion drawn from this paper is that early tracking is likely to
contribute to a widening gender gap between primary and secondary school in
reading. The reading results give clear implications: early tracking increases gender
differences in academic achievement.
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Appendix

Table A1: Prediction of reading score, main results.
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Dependent variable: Reading Score

(1) (2) (3) (4)
Secondary x Early -2.215(2.594) -5.993"(2.562) -6.752"" (2.541) —7.443"" (2.488)
Tracking x Male
Secondary x Male -9.103"™ -12.388"" -14.861™"" -16.166""
(1.662) (1.792) (1.860) (2.001)
Secondary x Early -9.745™" -0.752(2.758)  -1.207 (2.772)  —0.055 (2.918)
Tracking (2.484)
Early Tracking x Male 6.851""(1.709) 8.533""(1.762)  5.892""(1.918)  6.842" (1.888)
Secondary 16.978™" -156.307"" -164.289™" -182.233"™
(1.568) (29.138) (28.846) (28.665)
Male -20.398™" 9.821 (6.559) 84.073%** 91.374™
(1.208) (16.647) (17.241)
Age 3223 (1.231)  2.736™ (1.224)  1.105 (1.240)
Secondary x Age 12,229 (2.131)  12.958™ (2.106) 14.109™ (2.090)

Books 2
Books 3
Books 4

Books 5

Secondary x Books 2
Secondary x Books 3
Secondary x Books 4
Secondary x Books 5
Father Secondary Educ.
Father Tertiary Educ.
Secondary x Father Second-

ary Educ.

Secondary x Father Tertiary

Educ.

Mother Secondary Educ.
Mother Tertiary Educ.
Secondary x Mother

Secondary Educ.

Secondary x Mother

Tertiary Educ.
Minutes Reading

Male x Min. reading

Female Teacher Share
Male x Female Teacher

Share

40.912™" (1.840)
67.102™" (1.902)
85.083"" (1.945)

87.442™" (2.180)
-6.135™" (2.180)
—2.830 (2.339)

5.085" (2.442)

22.406™ (2.570)
10.231"" (1.240)
33.129™ (1.438)

-3.038" (1.722)

-14.702™"
(1.934)

20.980™ (1.469)
45.124™ (1.571)
-8.105™" (1.815)

—21.246™
(1.971)
~0.002 (0.006)

Hokk

—-0.045  (0.007)

1.311™(0.183)

—-0.325  (0.080)

40.907™" (1.841)
66.998™" (1.903)
84.876%**
(1.949)

87.175™" (2.184)
-6.227"" (2.179)
~2.725 (2.338)
5.375" (2.445)
22.786™" (2.576)
10.264™" (1.240)
33.090™" (1.438)
-3.068" (1.723)

—14.612™
(1.934)

21.071™" (1.470)
45.292"" (1.572)
-8.241"" (1.815)

—21.644™"
(1.974)
~0.004 (0.006)

ko

-0.043 " (0.007)

1.518"" (0.182)

-0.536  (0.090)

40.932"" (1.852)
66.926™" (1.912)
84.700™" (1.957)

86.807"" (2.186)
-6.321"" (2.186)
~2.608 (2.346)

5.818" (2.454)

23.756™" (2.571)
11.321"" (1.232)
33.775™ (1.431)

-4.082" (1.710)

—15.321%**
(1.923)

21.508™" (1.468)
44747 (1.562)
-8.434™" (1.813)

-20.684™"
(1.957)
~0.004 (0.006)
~0.040%**
(0.007)

1.394 " (0.183)

-0.615"" (0.095)
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Table A1: (continued)
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Dependent variable: Reading Score

W) (2) (3) (4)
Gender Index 1.765™" (0.454)  2.324™" (0.461)
Male x Gender Index -0.743""(0.154) -0.770"" (0.158)
A Educ. Exp. -1.872"" (0.226)
Male x A Educ. Exp. 0.188 (0.158)
GDP growth ~4.290"" (0.525)
Male x GDP growth 0,930 (0.325)
Country fixed effects Yes Yes Yes Yes
R squared 0.964 0.97 0.97 0.97
Country observations 20 20 20 20
Early tracking countries 10 10 10 10
Observations 237,169 232,246 232,246 232,246

Notes: Standard errors clustered on school level; significance levels are “p<0.1, "p<0.05, *"p<0.01; provided senate
weights were used and modified such that each country carries a weight of one; for the dependent variable “Reading
Score” plausible values were used and standardized at mean 500 and standard deviation 100 for each survey separately.

Table A2: Prediction of math score, main results.

Dependent variable: Mathematics Score

(U]

)

3)

4)

Secondary x Early Tracking x
Female

Secondary x Female
Secondar x Early Tracking
Early Tracking x Female
Secondary

Female

Age

Secondary x Age
Books 2

Books 3

Books 4

Books 5

Secondary x Books 2
Secondary x Books 3
Secondary x Books 4
Secondary x Books 5
Father Secondary Educ.

—2.735(2.660)

0.904 (1.864)
~2.279 (2.765)
-2.318(1.793)
3.984"
(1.847)
-7.476"™"
(1.312)

-3.165 (2.955)

0.273 (2.723)
2.874 (3.658)
-1.802 (2.214)
-155.360""
(28.879)

-15.023" (8.162)

3.669" (1.546)
10.368"" (2.120)
40.058™" (2.438)
68.788™" (2.379)
85.470™" (2.521)
85.403" (2.672)
-8.619"™" (2.711)
—4.514" (2.739)
4.772 (2.911)
25.524" (3.097)

wk

7623 (1.479)

-3.077 (2.954)

1.969 (2.742)
1.489 (3.739)
0.235 (2.253)
-161.697""
(28.766)
—61.748™"
(15.885)

3.392" (1.532)
10.794™" (2.107)
40.073"™" (2.442)
68.721™" (2.385)
85.329"" (2.532)
85.209"" (2.682)
-8.675"" (2.712)
—4.409 (2.749)
5.025" (2.934)

25.864™" (3.127)
(1.482)

Kk

7.678

-2.078 (3.005)

2.852 (2.871)
-6.230 (4.109)
~0.935 (2.268)
-176.928"™"
(28.906)
-66.930™"
(16.518)

1.432 (1.545)
12.354™ (2.122)
40.364™" (2.449)
69.031™" (2.396)
85.532™" (2.539)
85.148™" (2.681)
-9.225"" (2.720)
—5.047" (2.757)
4.602 (2.938)
25915 (3.128)

Kk

8.466  (1.491)
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Table A2: (continued)
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Dependent variable: Mathematics Score

)

3

@

Father Tertiary Educ.
Secondary x Father Second-
ary Educ.

Secondary x Father Tertiary
Educ.

Mother Secondary Educ.
Mother Tertiary Educ.
Secondary x Mother Sec-
ondary Educ.

Secondary x Mother Tertiary
Educ.

Minutes Math

Female x Min. Math

27.877" (1.642)
1.804 (1.911)

-9.069™" (2.145)

20.513"™" (1.783)
45.406™ (1.916)
-6.438"™" (2.277)

-22.025™"
(2.501)

0.059"" (0.016)

dkk

—-0.047  (0.016)

27.901™ (1.644)
1.738 (1.912)

-9.104™" (2.144)

20.607*** (1.786)
45.703™ (1.927)
-6.619™" (2.284)

22612
(2.533)

0.061"" (0.016)

wkk

—-0.050  (0.016)

28.271™" (1.640)
1.029 (1.903)

-9.197"" (2.128)

20.762™" (1.789)
45.265™" (1.926)
-6.201™" (2.288)

-21.315™
(2.531)

0.070"" (0.016)

wkk

-0.063 (0.017)

Female Teacher Share 0.394 (0.266) 0.334 (0.266) —0.108 (0.268)
Male x Female teacher share 0.045 (0.097) 0.178" (0.105) 0.240™ (0.113)
Gender Index 0.832 (0.550) 1.721" (0.558)
Female x Gender Index 0.465" (0.136)  0.480"" (0.139)
A Educ. Exp. —0.463 (0.346)
Female x A Educ. Exp. —-0.157 (0.202)
GDP growth -5.308"" (0.601)
Female x GDP growth —0.716" (0.384)
Country fixed effects Yes Yes Yes Yes

R squared 0.965 0.97 0.97 0.97

Country observations 20 20 20 20

Early tracking countries 10 10 10 10
Observations 246,710 226,875 226,875 226,875

Notes: Standard errors were clustered on school level; significant levels are p<0.1, *p<0.05, “"p<0.01; provided senate
weights were used and modified such that each country carries a weight of one; for the dependent variable
“Mathematics Score” plausible values were used and standardized at mean 500 and standard deviation 100 for each
survey separately.
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