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Abstract

The Programme for International Student AssessniifsA) conducted
by the OECD since 2000 has shown that childrermlsstic achievement
varies considerably across countries. In particUPd8A results reveal that
the Spanish educational system is underperformimuyever, there are
huge differences in test scores between studeots ftifferent Spanish
regions, both at the mean and at different peresntf the distribution, as
well as significant differences by gender. The ainthis study is to analyze
the factors that explain these differences by uliegast wave of the PISA
survey (2009), which provides greater regional glisagation than previous
waves for Spain. The implications for educationaligles are many,
especially in order to develop measures for theicgon of both regional
and gender inequalities.
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1. Introduction

Understanding the determinants of student's sctolashievement, as measured by
standardized test scores, is of crucial interesttduts potential policy implications. The
results of theProgramme for International Student AssessniibAY conducted by the
OECD since 2000 have shown the differences betwstedent's test scores across
developed countries. In particular, Spain lies Wetloe OECD average in all three subject
areas and this difference persists over time. WthigeSpanish average maths test score
was 485 for the PISA population in 2003 and 482009, the OECD average is around
500 for the two periods. This has caused an irfieagon of the political debate on the
possible measures to improve the results. See éué2M09) for a broader disscusion.

Similarly, there are huge differences in terms dfiavement between students from
different Spanish regions (Comunidades Autonomdsaking progress in understanding
those disparities should be an important concenh hor academics and politicians
because it can ultimately affect the economic ghowt the different regions through
differences in future income. Since the decisiorkingaconcerning the management and
organization of the educational system in Spaiddsentralized to the various regional
government$ identifying the educational systems that are \waylbest may help policy
makers to reduce regional inequalities by provideggial oportunities for all students.
Some related papers attempt to explain region&dréifices in Spain by using PISA 2006
results. However, that wave includes informatiofydor a reduced number of regions.
See for example Ciccone and Garcia-Fontes (2008 tmmparison of the Spanish and
Catalan educational systems. Regional studiesisnatfea for other European countries
include the recent paper by Bratti et(@007) which analyzes the differences in the PISA
2003 results among the three Italian macro areas.

By using standard econometric techniques we guattifvhat extent differences in
test scores across Spanish regions can be atttiboitthe commonly used observables
such as family and school characteristics as welivaat proportion must instead be
attributed to other factors. Furthermore, this papgplores gender differences in
achievement. Consistent with previous literaturefind that male students outperform
females in maths whilgirls score relatively better than boys ieading. We further
document how those gender gaps vary across regindsalso along the test score
distribution.

2 PISA is a rich data set at the student and sclesel with information on test scores which covégsyear-old
students for OECD countries. The survey covers madlies, reading and science. Background questicemaire
completed by students and school principals.

3 See Falch & Fischer (2008) for a review of therkiture on the effects of decentralization on etitieal outcomes.



Three main aspects distinguish our work from presiones. First of all, we use the
last wave of the PISA database (2009) which indualgreater regional disaggregation
for Spain and focus on the math and reading testesc Secondly, we exploit
distributional information of the data to documasiymmetries and tail behavior in the
educational outcomes across regions and sepafatedyrls and boys. Finally, we focus
on several regional measures related to culturesacdl norms to explain the gender
differences in test scores across regions thahoaie accounted for by the observables
at individual and school level.

The paper is organized as follows. Section 2 isotkl/to a full description of the
observed differences in the raw test scores bothatihs and reading by (i) region, (ii) by
gender and (iii) by gender across regions. Focadks raw differences are described not
only at the mean, but also at different percentdéshe score distribution. Section 3
estimates standard regression models — OLS andilgueggressions — to measure the
extent to which the demographic, family and schatalracteristics help explain math and
reading scores, as well as unveil the adjusted eyeadd regional differences across
regions. Section 4 focuses on the unexplained magicomponents — regional fixed
effects — highlighting important gender differenetghe distinct points of the test score
distribution. In section 5 we explore possible hyyasis that might explain the different
behaviour of boys and girls across regions reléedulture and social norms. Finally,
section 6 concludes.

2. Preliminary descriptive evidence

In this section we describe the data in detaildpusing both on regional and gender
differences in test scores. PISA is a rich dataasehe student and school level with
information on test scoresvhich covers 15-year-old students for OECD coestriThe
survey covers mathematics, reading and sciencekgBaend questionnaires are
completed by students and school principals whepshproviding detailed information
regarding children, family and school charactessstirhe PISA sample is stratified at two
stages. First, schools are randomnly selected.s&ndnd, within each school students are
randomnly assigned to carry out the test in akehsubjects. At the same time, PISA
participating countries can provide regional repnéative samples. In particular, PISA
2009 provides disaggregated data for 15 differgrain&h regions. After excluding Ceuta
and Melilla we end up with 25.887 students withi®98schools. Most regions have
samples of about 1.500 students and 50 schoolgpefar the Basque sample which
includes nearly 4.800 students and 180 schools.

4 Although test scores in sciences are also proyithetde seems to be less variation across regimhgender.

® The individual scores are standardized so thaOEBED average is 500 and the standard deviation=d08.



2.1. Differences in raw test scores by region

Spain has performed below the OECD average instesies for the last decade and
very far from the PISA top performer country, Fimdia Moreover, recent literature
highlights the underperformance of Spain not omltha mean, but also at the high tail of
the distribution, which detects that the Spanishcatonal system faces difficulties to
achieve excellence among students. Table 1 confinese facts by reporting the average
math test score for Spain, Finland and the ové&&(CD, as well as the difference of
Spain with respect to Finland and the OECD avetagh at the mean and at different
percentiles of the test score distribution

By looking at the fourth raw of table 1, it candideserved that the differences in math
test scores of Spain with respect to Finland amtigogarly high at low tails of the
distribution, and decrease slightly as we movehtoright. However, when we compare
Spain with the overall OECD, the reverse is obs#rtke difference increases as we
move to the right tail of the test score distribatiNevertheless, raw differences between
Spain and Finland are of a much higher magnitude those observed between Spain
and the overall OECD. Given that the differencesyséo vary along the distribution, this
paper focuses on the full density of test scoremder to document differences not only
at the mean, but also at the low and high tailghefdistribution. To get a better idea of
those distributional aspects, figure 1 depicts distribution of the math test score in
2009 for Spain, Finland and the OECD average.

However, the Spanish test score represents a weeigivierage of the scores obtained
by students from different Spanish regions. TaBle&ports the average maths test score,
the 10th and 90th percentiles and the differendb-20th for each region in 2009. For
comparability purposes, the OECD and the Spanighage are also reported and the
samples of students and schools for which we hafeemation for each region. A quick
inspection of the table shows remarkable raw difiees across regions. To get a better
flavour of the differences, figure 2 depicts a n@pSpain where regions have been
divided in terms of their performing. Castilla-Le@nclearly the top performing region,
with an average math test score of 515 [pink]; gbeond group of regions, performing
between 495 and 515 is composed by Navarra, P&isoyAragon, La Rioja and Madrid
[blue], the third group, those performing on averdmetween 465 and 495 includes
Galicia, Asturias, Cantabria and Catalufia [greyhaHly, the worst group is conformed
by Andalucia and the Islands where the averag®meaince is below 465 [green].

® Results for the Reading test score reveal the satterp— available upon request. Population weilate been used

" In recent years, international literature has gmesd studies not only focused on the “averagefesit) but also on the
entire distribution of achievement. See Levin (201Corak & Dauzon (2002).



Several conclusions emerge from this descriptiviorimation. First, there are
remarkable differences in the children academitop@ance across Spanish regions, and
therefore, the poor results obtained for the Sihaaierage can not be extrapolated to all
regions who patrticipate in the evaluation progréivihile there are regions whose results
are above the national and the OECD average, sucastilla-Ledn, Navarra and Pais
Vasco, Andalucia, Murcia and the Islands are odaglow the national average and very
distanced from the OECD.

Moreover, we find a very significant regional vaioa not only at the mean score but
also at different parts of the distribution. Lookiat the difference between the 10th and
the 90th percentiles in the last column of table & can see that Murcia and Galicia
exhibit less variability in test scores than them, whereas the opposite is found in La
Rioja and Aragdén. To get a better idea of theedéfices in test scores across regions at
the whole distribution, Figure 3 depicts kernel siees of the best and the worst Spanish
performing regions within the Iberian Peninsulajclihare Castilla-Le6n and Andalucia
respectively, with the OECD average and Finlandliermath and reading test scores.

We can see that Castilla-Le6n is clearly aboveQBECD average and, even more
interesting, its distribution of test scores is wety far from the one observed for Finland.
Low performers in Finland seem to perform bettenthheir counterparts in Castilla-
Ledn, whereas differences among top performers $edye smaller. On the other hand,
Andalucia performs clearly below the overall OEQRwery point of the distribution, but
the differences seem to be higher for top perfosmé&his evidence suggests that the
difficulty to achieve excellent students attributedthe Spanish educational system can
neither be generalized to all regions.

2.2. Differences in raw test scores by gender

The gender gap in test scores has received a deahtof attention in the last years
(see e.g. Goldin 1994, and more recent, Hausmaral. €4008) as it unveils gender
differences at early stages of life. In additiomuanber of studies indicate that this gender
inequality in education can negatively impact uponacroeconomic variables, such as
economic growth (Dollar & Gatti 1999; Klassen 20a#) fertility (Basu 2002). It is
argued that increasing female education entailsublé reward: on the first hand, and
similarly than for males, increases in female etanadirectly increase incomes and
growth. However, there seems to be an additionedure from educating girls through the
positive influence of mothers on the education health of their children (Schultz 2002;
Doepke and Tertilt, 2009).



In this section, we explore the gender gap not ablthe mean but also for low and
high performing students. Table 2B reports the ayermath and reading test score for
boys and girls, as well as the gender gap (diffezagirls-boys) associated both with the
mean and with the different percentiles. Sever@rasting features emerge. First, girls’
math scores are on average 19,35 lower than thb&®ys (4% less than the mean
average score for boys). However, the gender gaguvsrsed in reading scores. On
average, girls obtain reading scores which are2&fer than those for boys (6,14%
higher than the mean average score for bbys).

A wide range of theories have been explored toampghe gender gap in scholastic
performance. One strand of the literature focuse®iological differences arguing that
innate differences in spatial ability, higher ortl@nking, or brain development produce a
gap in achievement. Research in this domain insluderk on differences in brain
composition (Cahill 2005; Gallagher & Kaufman 2008&iJferences in strategy (Fennema
& Carpenter 1998; Kucian et. al 2005), or differemdn spatial ability (Lawton &
Hatcher 2005).

Another body of studies emphasize 8suzial gender stratification hypothesis first
proposed by Baker et al. in 1993, who focusing o8. dtudents’ math scores argues that
gender differences in achievement reflect gendegualities in the educational and
economic opportunities available in a given culttRéeegle-Crumb (2005) using cross-
national data from th&hird International Mathematics and Science Sty@iMSS)
support this hypothesis. This relationship has dsen documented across OECD
countries. Guiso, Monte, Sapienza & Zingales (2Q3&) several measures for the degree
of gender equality of a countrye.g. theWorld Economic Forum’s Gender Gap Index
(Hausmann, Tyson & Zahidi, 2006) and find a smaller gender gap in mean math
performance in countries with a more gender equétbui@. Section 5 of this paper
investigates the extent to which this hypothesgldtcde a possible explanation for the
unexplained regional gender differences in Spain.

Furthermore, table 2B also reveals that boys ekimloire variability in achievement
than girls, as measured by the standard deviatfotesi scores, both in maths and
reading, which justifies the comparison of gendapgin test scores over different
quantiles of the distribution. This is extremelypontant since upper tail outcomes are
potential determinants of the gender compositiomare technical careers where women
have been traditionally underrepresented such tisemeatics or engineering.

8 This is consistent with prior literature, both the U.S. (Baker & Jones 1993; Fuchs & Woessmandg;2Bryer &
Levitt 2009) and for most of the PISA participatiomuntries (Guiso et al. 2008).



By looking at the tails of the distribution it cére observed that the gender gap in
mathematics is slightly higher for the 75th-95tgaatiles, while the reading gender gap
is sharply decreasing along the test scores disitoi. This is clearly revealed in Figure
4, where the gender gap in math and reading teststave been depicted for different
percentiles. The intuitive explanation for thisding is that among high-achieving
students, girls do relatively worse in maths thaenstudents and lose an important part
of the advantage they had in reading with respebbys, what directly translates in more
gender inequality at the top of the distribution.

2.3. Differences in the Gender Gap in Test Scores acrossgions

In order to complete the descriptive evidence, skition documents the variability of
the gender gap in test scores across Spanish segiigure 5 highlights the most
important differences. Although it is common forl aégions that male students
outperform females in maths while girls score reddy better than boys in reading, the
magnitude of the gap differ significantly. In thgure, regions have been ranked (from
high to low gender gap) in the math test score.déonparability purposes figure 5 also
depicts the gender gap in both test scores foraRthland for the OECD and EU-15
averages. It can be observed that the gender gae imath test score of Castilla-Ledn is
very similar to the OECD average, whereas otheronsg such as Asturias, Navarra,
Madrid, Galicia and Pais Vasco exhibit lower gerghgrs in maths. Interestingly, the fact
that the math gender gap in Finland (top perforaighe OECD) is the lowest while it is
the highest for Andalucia and the Islands (worsfgoeing Spanish regions) suggest
some negative correlation between gender inequaidyperformance.

Related to this, another interesting feature tinarges from figure 5 is that in those
regions where girls exhibit the strongest advantageading with respect to boys, they
tend to exhibit the smallest disadvantage in mée. have displayed the correlation
between the average gender gaps in maths and geactioss regions. Figure 6 shows this
correlation, which on average amounts to 0,503s Pplaitern was also obtained by Guiso
et al. (2008) in their cross-country analysis pfevious wave of the PISA data.

In summary, the descriptive analysis of this sectaggests that the poor results for
the Spanish average encompass very significargrdiftes across regions. On the one
hand, we find that Castilla-Ledn performs only sty below Finland - top performer,
whereas Andalucia, the lowest performing regionyes below the OECD average at all
points of the distribution, and particularly poor high-achieving students. It also shows
significant gender differences in performance, withles outperforming girls in maths
and the opposite for reading. In addition, gendspatity is found particularly at the top
of the distribution. Finally, there is regional iadnility in the magnitude of the gap with
the worst performing regions showing the highesthngender gaps.



3. Determinants of children’s scholastic achievement

3.1. The model

Following Todd and Wolpin (2003) we interpret tesiores as the output of an
education production functibrwhere there are different inputs: characteristitshe
student and her family, characteristics of the sthttended by the student and shocks to
student achievement. Let us consider the follownaglel:

yis = Xlsﬁ + Z‘sy+ gis (1)

where the dependent variable stands for the math or reading test score of studen
i=1...,N at schools=1,...,S with N and S being the total number of students and
schools respectivelyx, is a (K, x1) vector which includes the characteristics of stiide
and her family andz, is a(K2 ><1) vector of characteristics of schalvhere K, and K,

are the observable characteristics both at theviohail and school level. Finallyg;
stands for the error term of the model.

3.2. Results - OLS regressions

There is an extensive literature focusing on thenndeterminants of children’s
scholastic achievement, e.g. Coleman (1966) andraa (2006). This literature groups
these factors into three broad categories: indalidinaracteristics, family background
and school inputs or characteristics of the edanati system. We would like to
understand to what extent differences in thoseofaciffect the observed differences in
test scores across regions. Previous literatuid) ag Garcia et al. (2010), using PISA
2006 find that family background and the charastes of the educational system are the
most important determinants to understand diffegenin the students’ performance
across Spanish regions. We next analyze whetheigtdlso the case in the 2009 wave,
first at the mean and second at different pointhefdistribution.

Table 3A reports the determinants of the math aadling test scores for the 2009
PISA datasét The estimation is based on simpileear models that were estimatasing
Ordinary Least Squares (OLS). We have includedstardard observable characteristics
used in related literature.

% It is assumed that the production technology thagps inputs into test-scores is additive (Cobb-Damiituition)
10 Table Al in the Appendix reports descriptive stits of each of the relevant variables for Spairoeerall and for
each of the different regions.



We include three different specifications regardimg covariates:

(1) Includesindividual characteristics, those of the child and his/her family and
social background, such as gender, immigratiorustarade, parental education
and occupational status; an indexcodtural possessiong/hich is based on the
students’ responses to whether they had the faligwait home: classic literature,
books of poetry and works of art.

(2) It addsschool characteristicsto the determinants included in (1), such as school
type (private/public), the percentage of girls la¢ tschool, the student-teacher
ratio, the number of repeaters, the school commuait index ofability grouping
derived from the two items of school principalspogts on whether school
organises instruction differently for student wdHferent abilities; an index for
the frequency obtandarized testsarried out in the school during the academic
year.

(3) It adds regional fixed effects to those corgtrioicluded in (1) and (2). The region
of reference is the best performing one, Castitan.

In general, the results are of the expected sighnaagnitude. Girls still do worse in
maths than boys (the opposite occurs with readingh when controlling for family and
school characteristics. Immigrants do worse onaye@ithan natives both in maths and
reading (similar magnitudes). Consistent with tekated literature of the importance of
family background for children performance, we fitisat both mother and father
education have a positive effect on test scorefufali possessions reflecting somehow
cultural habits of the family also affect test spositively. Regarding school inputs,
two interesting findings emerge: School type (pa/blivate) is not significant to explain
differences in test scores and the index of abgityuping turns to have a positive effect
on both test scores, suggesting that certain lefedreaming might benefit students. The
results are robust to the inclusion of regional chies and the R-squared increases when
including them.

3.3. Results - Quantile regressions

In order to assess the effect of our independendblas on different points of the test
score distribution, we estimate quantile regressigimg the more complete specification
of table 3A which includes also regional fixed etfe The estimated coefficients for
percentiles 10, 25, 75 and 90 are shown in Tablé/3B=n we compare thesesults with
those of OLS, the signs and significance of thdfments hardly changes.



However, we observe differences in magnitude of dffects along the test score
distribution. For instancehe effect of gender is constant along the distidlouin maths
but decreases in reading as we move to the highantides. With respect to nationality,
high-achieving immigrants underperform less thae dlkerageimmigrant relative to
natives both in maths and reading. Having a fatherking part-time affects more
negatively low-achieving students. These findingpp®rt the pertinence of using a
guantile regression approach.

Given the already documented difference betwees boy girls, we next proceed to
estimate separate regressions by gender includimidren, family and school
characteristics together with regional dummiesyali as quantile separate regressions
with the same controls in order to see whether résviep each of these variables differ by
gender at the mean and at different percentiles.

3.4. Separate TS reqgressions by gender — OLS and Quaes

From separate estimations we can infer whetherngtto each of the determinants
for the math and reading test scores differ by gerabth at the mean (Table 4A) and at
different percentiles of the distribution (Table)4B-rom OLS estimates, it is interesting
to observe (table 4A) that having a mother withvarsity benefit relatively more girls
than boys, particularly in maths. This result isxgistent with the predictions of the
gender stratification hypothesis. In particular,nBara (1986), Eagly & Wood (1999)
find that girls perform better when they have Jisitemale roles excelling in maths.

Furthermore, by looking at the coefficients asgeciato having a father with
university education, we find that the effect i©sger for girls for the reading test score.
In addition, having a father working part-time l@asegative and significant effect for the
maths test score both for boys and girls, but imigre negative for boys. Cultural
possessions at home has a positive and signifeféettt in all cases but it is greater for
females.

Attending a private school turns out to have a tregand significant effect for the
girls’ math test score once regional fixed effemts included whereas the percentage of
girls in the school has a positive effect on bagst scores. At the same time, boys are
more benefited than girls by the availability ofrgqmuters and by the fact that ability
grouping is used in the school. Finally, there {goaitive effect on girls’ math test score
of having standarized test carried out in the sthbluis result could be consistent with
the hypothesis of girls being less self-confidentnaths than boys.
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Next we look at the results for the different quiast Table 4B reports separated
quantile regressiofiswith the same control variables that we includdAn All columns
include regional fixed effects. Consistent with qarevious findings, having a mother
with university education has a positive and sigaiit effect for girls’ math test score
particularly at the upper tail of the distributidh.is also significant for low-achieving
male and female students on the reading test sdboecover, having a father with
university education has a positive effect forgihd it is stronger for students at low
tails of the distribution. Interestingly, the negatand significant effect on boys’ math
test score of having a father working part-timet thea found at the mean was hiding that
those affected most were the low-achieving maldesits.

In summary, the estimation exercises in this sacteveal that family background
and school characteristics are important deternsnahtest scores both at the mean and
at different quantiles, for male and female stusleand that regional differences decrease
once controls are included. This is in line witke findings by Garcia et al. (2010) for the
previous wave of the PISA dataset. The estimatass show that there are some gender
differences in the impact of those variables in se®res, e.g. cultural possessions has a
greater positive and significant impact on girlsd atomputers on boys. Finally, the
gender gap persist even when controlling for aflestable factors.

For comparability purposes and as a robustnesk dbec¢he results, the last part of

the section follows alternatively a semi-parameapproach attempting to explain gender
differences across regions along the whole didiobuwf test scores.

A semi-parametric exercise: Actual and Counterfactuals test scores distributions

The extent to which demographic, family and schablaracteristics explain
differences in the distributions of test scoresossrregions could be better visualize
through the estimation of counterfactual distribng. In this particular case, the
counterfactual distribution of test scores for aegi regionA would be the distribution of
test scores that would have prevailed in that regfotheir students had the same
demographic, family and school characteristicshasd observed in another regiBn
Given that Castilla-Leon is the top performer isttecores and Andalucia is the worst, it
makes sense to depict the actual and counterfadis@ibutions of test scores for
Andalucia and compare them with the observed Higidn in Castilla-Ledn. To compute
the counterfactual distribution for Andalucia, weeuthe semi-parametric approach
developed by Dinardo, Fortin & LemieuxBDFL approach(Econometrica, 1996).

1 Similar results where found for quantiles 10 afd@pectively. We have not reported them for spaasons. They
are available upon request.
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Figures 7 and 8 depict the actual and counterfadigtibutions of Andalucia versus
the actual one of Castilla-Le6n for the math anddieg test scores respectively,
disaggregated by gender. Some interesting feakmerge: On the first hand, the left
panel of the former figure reveals that for boys ttounterfactual distribution of test
scores in Andalucia resembles very much that ofi@dake6n, meaning that if boys from
Andalucia had the same demographic, family and achbaracteristics than those in
Castilla-Le6én math test scores would be quite similFurthermore, the regional
difference would decrease patrticularly for the pgpformer students — those on the right
hand side of the distribution. Instead, for low fpeners males, there are some
unobservable factors between those regions thaldwoake differences persist.

With regards to females, figure 7 reveals quiteifeer@nt pattern: high-achievieng
females in Andalucia would still perform worse imtims than those in Castilla-Ledn even
if they had similar characteristics (contrary tol@sa This means that the model seems
quite useful in explaining regional differencesnmath scores between the best and the
worst performing regions for boys, particularly foigh-achieving boys, but does not
capture most of the observed differences betweesetlfemales at the upper tail.
Regarding reading scores, figure 8 shows that negg, the model performs quite well
in explaining observable differences since the tedimctual distribution of Andalucia
and the actual of Castilla-Le6n are quite simitagardless of gender.

In conclusion, evidence from the parametric andiggErametric estimation indicates
the existence of some unobservable factors in Amdalaffecting the results in maths,
especially for good female students, but not irdirega And more importantly, it relates
to the gender stratification hypothesis alreadyfaal out. Section 5 of the paper explores
further whether there could be some regional factioat might help explain these gender
differences in the unobserved regional effectsoBefloing so, we must deep into a more
detailed description of these unexplained regicfédcts, as they provide interesting
information by themselves to understand the underpgs of the observed regional
differences in test scores.

4. Unexplained regional differences — Overall and byender

Given that specification (3) of the estimates ia grevious section include regional
fixed effects we can explore further those regioddderences (as measured by the
dummy coefficients associated to each region) wowaat for unexplained differences
across the Spanish regions, once the standardvabses (children, family and school
characteristics) have been controlled for.
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As Castilla-Ledn has been used as the referencentegve can compare raw
differences in test scores between Castilla-Ledh each of the other regions with the
adjusted ones, those which controls for all obdd#es By doing this, we can learn to
what extent differences in observables such adremlicharacteristics, family background
and school inputs explain the observed differemceaw test scores across regions. This
helps infer to what extent and for which regione thodel performs better. Table 5
reports the raw and adjusted differences in tegtesc(in math and reading) for each
region with respect to Castilla-Ledn. Raw differemavere reported earlier, but we have
added them for comparability reasons. The adjudifidrences are the regional fixed
effects of the OLS estimation, and hence are egtunat the mean of the distribution. We
can encounter three different possibilities:

)

Non-significant regional fixed effect: Once individual, family andchool
characteristics are controlled for, there is naisicant unexplained effect of that
particular region. In other words, taking one shideom Castilla-Le6n and another
from that region, once they share individual, fanaihd school characteristics, they
would score the same. This would imply that the f#cbelonging to a particular
region (the one associated with that coefficiemsfead of being from Castilla-Ledn
would make no significant difference in explainitest scores, and therefore, we
would conclude that the model which controls fdrodiservables can fully explain
the raw difference of that region with Castilla-lbe6

Significant dummy coefficient Even after controlling for standard observables,
there is some unexplained regional fixed effectolwhtannot be explained by the
model. The unexplained component can be positiveegative, which has very

different implications.

a) Positive A positive sign would imply that children from ah particular
region outperform those from Castilla-Le6n who wbwhare the same
individual, family and school characteristics.

b) Negative A negative and significant coefficient would revéadt there are
some specific regional differences which cannot éxplained by the
standard observables.

The estimated regional fixed effects in the matth @ading test scores can be seen in

table 5. Let us start with the regional effectstfog math test score. For regions such as
Aragon, Cantabria, Galicia, Madrid and Navarra ¢befficient is not significant, which
indicates that the observed raw difference in s $cores between Castilla-Ledn and
these regions is completely explained by differenoethe observable individual, family
and school characteristics. Therefore, the rawedifices observed before in favour of
Castilla-Le6n are due to differences in observahbracteristics.
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The second possibility, positive regional fixedeetf can be found for La Rioja. This
reveals that when comparing students from La Rawjd Castilla-Le6n who share the
same individual, family and school characteristtbese from La Rioja perform better in
maths than those from Castilla-Leon.

Therefore, for all these regions, either with zergpositive fixed effects, the lower
performance in test scores when compared with K@atgon are due to differences in
the endowment of some observed characteristicscAdebe more precise on this. If we
look at table Al in the Appendix we find enormoasiability across regions en the mean
endowment of the following variables: (i) the aaility of computers in the school and
(i) cultural possessions at home. In both chargsttes, Castilla-Leon is by far the best
endowed region. In addition, the impact of these wariables on test scores is very
significant. These two facts suggest that had sohtlee low performer regions the same
endowment than Castilla Le6n in the number of caemguin the school and in cultural
possessions at home, they could reduce the gagstirs¢ores significantly. This is very
important from an educational policy perspectiv@jtandicates that there is some scope
for reducing regional disparities in educationatcomes through appropiate changes
either at school level or at family level.

For the remaining regions — Pais Vasco, Cataluaaafias, Asturias, Balear Islands,
Andalucia and Murcia the fixed effect is negatiwne aignificant, which reflects that even
adjusting for observables, there remains a negdiiference associated to those regions
when compared to Castilla-Ledn. This analysis ssigtfeat there must be other non-
observed or non-included determintants which malk#& students perform worse in test
scores with respect to their Castilla-Ledn couragg However, not all these regions are
homogeneous — for some of them the unexplainedmageffect is much bigger than for
others, which reveals that the unobservable comqdaeelatively more relevant in that
regions to explain the observed differences witktita-Ledn.

From now on in this section we will focus primarity these regions. Tables A2-A4
of Appendix report the value of the negative amghigicant regional fixed effects for
both maths and reading test scores, for all stesdend disaggregated by gender. Table
A2 reports the coefficients at the mean (from OE§ressions), table A3 presents those
coefficients for the 25th percentile performersd dimally table A4 depicts the value of
the estimated regional effects for the top perfasre75th percentile. All coefficients are
taken directly from the estimates of tables 3A, @@LS regressions), 3B and 4B
(quantile regressions). For clarity of expositibowever, we present these unexplained
fixed effects in figures 9-14. Figures 9 and 10cdég the unexplained effects at the
mean, for the math and reading test score, figliiegnd 12 report them at the 25th
percentile and finally, figures 13 and 14 presethis regional fixed effects for top
performers — 75th percentile.
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Inspection of these unexplained differences atntlean for maths — figure 9 reveal,
on the first place, that the magnitude of the utearpd differences is very different
across regions. Students from Andalucia, the Islamdl Cataluiia perform clearly worse
than similar students (in terms of demographic, ifiarand school characteristics) in
Castilla-Ledn. However, unexplained differencesdoee quite small in other regions
such as Murcia and Pais Vasco. On the second bander differences across regions at
the mean do not seem to be particularly high, exdéep Andalucia, where female
performance is worse relatively to Castilla-Ledarthmale performance. With respect to
the reading test scores at the mean — figure 1€xplained regional effects seem to be
significant only in Andalucia, Balear and Canararisls. For Andalucia and the Canary
Islands, in addition, underperformance of girlshwiespect to Castilla-Ledn is higher
than that of boys.

By looking separately at low and top performersreéhare interesting features to
highlight. If we focus on low performers (25th pemtile) — figure 11, the patterns are
rather similar than what we have seen at the meawever, for top performers in math
scores — figure 13, the picture changes signiflgaas regards to gender behaviour. In
particular, it is interesting to observe that foosh regions, the regional fixed effect
disappears for boys, but not for girls. This is tase for Andalucia, Asturias, Catalufia,
Madrid and Murcia. On the contrary, for girls, mastthe unexplained regional effects
are still in place, which reveals that there mwessbme regional factors other than those
included in the regression that make that girlg (imi boys) from these particular regions
underperform their counterparts from Castilla-Le®¥ith regards to the reading test
score, figure 14 (75th percentile) reveals thay dot Andalucia and the Islands there are
still unexplained differences between these regamkCastilla-Leon. Furthermore, in the
three regions, and particularly so for Andalucid #me Canary Islands, these unexplained
factors are mainly driven by girls.

We next further investigate whether regional déferes in some other factors, such

as culture or gender norms, can help explain themxplained regional differences,
particularly with regards to the different behaviexhibited by boys and girls.

5. Regional culture and the gender difference in 8 scores

In the recent paper “Culture, Gender, and Math'0O80Guiso et al., found that the
gender gap in math scores disappears in countitbsawmore gender-equal culture. We
try to test whether the results they find acrossntees can also be found across the
Spanish regions. To do so, following Guiso etwag,try to test whether social norms and
gender biased environments affect the gender gapsinperformance. To account for
those issues we relate gender differences in &&irmmnance across regions in Spain with
some socio-economic regional characteristics. Giliahwe have only 14 regions and we
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consider one year — 2009, any empirical analyglsofdservations) must be understood as
temptative, and therefore, a first stage, but nbedérss important to suggest future lines
of research. We classify regions according to tilewing measures of gender equality:

(i) We construct a regional index of cultural atteés towards women based on the
average level of disagreement to the following esteint: When jobs are
scarce, men should have more right to a job thamerd. Answers to this
guestion can take five values that range from tbiigly agree) to 5 (strongly
disagree). We compute the average across regidns.ig calledESS index
and it is taken from the 2008 European Social Surve

(i) Regionafemale labor force participation — from INE (2009).

(i) The gender wage gapreflecting the economic gender differences in |dimor
market. This is taken from the EES-2006.
(iv) Femalepolitical participation in the regional Parliaments — from INE (2009).

(v) Regional Gender ratio (Men/Women) on time spamthousework — Taken
from the last available wave of the Time Use SurfegySpain (2003).

These variables are the same than those used Isp @ual. (2008) in their papér
Once we include them (one by one) in a regressaiig 6) where the dependent variable
is the gender gap in Test Scores, we find thatwioefirst ones — the ESS index and the
gender ratio of time spent on housework — are t@igeé with the gender gap in test
scores both for maths and reading. Neither thenadiFemale Labor Force Participation,
nor the gender wage gap or the female politicaligpation seem to be correlated with
the gender gap in test scores. Economic condiaomsiccounted for by per capita GDP.

Looking at the regression results for the averagehe first panel of table 6 we
observe that more gender-equal regions (represéytesh increase in the ESS index or
an increase in the time that men devote to houdevabative to women) are associated
with reducing the negative gap in maths and furdmarging the positive gap in reading
in favour of women. This is consistent with thediimgs by Guiso et al. The EES index
seem to have the highest explanatory power, wheéheagender wage gap does not turn
out significant to explain gender gaps in testssor

With respect to other points of the distributiore wan see interesting differences at
the tails. In particular, for low-achieving studer(juantile 25th) the reduction in the
negative gap in maths associated to more gendexl-squieties is lower (the ESS index
is still significant and positive while houseworks out to be non-significant) whereas
the increase of the positive gap in reading doubsre interestingly, high achievers

12 Although not reported here, we must say that trestation among them for Spanish regions are at@u8 — 0.4,
much smaller than those exhibited in a cross-cgus#tting, which as Guiso et al. show, are over 0.7
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(quantile 75th) experience a higher reduction ia tlegative gap in maths in more
gender-equal regions and a similar increase inpthgtive gap in reading. This result
suggests that in regions more directed to favoeireke of women in society, girls reduce
the gap in maths and perform much better than boysading. And, more importantly,
this is more evident for girls at the upper taitloé distribution.

6. Conclusions

Spain has performed below the OECD average in RPéSBscores for the last decade.
Moreover, the Spanish educational system facesculties in achieving excellence
among students. Making use of the most recent watee PISA data (2009) this paper
documents the differences in test scores betwemlests from different Spanish regions,
both at the mean and at different percentiles efdilstribution. While some regions score
lie above the national and the OECD average, sacGastilla-Leon, Navarra and Pais
Vasco, other regions, such as Andalucia, Murciathadslands score clearly below the
national average and far worse than the averageDOR also find significant regional
variations at different parts of the distributionoreover, the observed differences
between the worse performing regions and the OE@€Dighest for top performers.

Furthermore, the paper explores gender differeimcashievement. Males outperform
girls in maths whereas they underperform in readirapnd gender disparity is found
particularly at the top of the distribution. By ngi standard regression models we
quantify to what extent differences in test scaesss Spanish regions and by gender
can be attributed to the common observables asagelhat proportion must instead be
attributed to other factors. The estimation exesigeveal that both family background
and school characteristics are important deternsnahtest scores both at the mean and
at different quantiles, for male and female stusleand that regional differences decrease
once controls are included.

Alternatively, and as an illustrative experimeng use the semi-parametric approach
developed by Dinardo, Fortin & Lemieux to constrtiet distribution of test scores that
would have prevailed in Andalucia (worst performirggion) if family and school
characteristics had been as in Castilla-Le6n (targgion). Results both from the
parametric and semi-parametric estimation pointhe gender stratification hypothesis
highlighting the existence of some unobservabldéofacin Andalucia which affect the
results in maths, especially for good female sttgjdyut not in reading.
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This paper also analyzes in detail the regionaédiveffects stemming from the
parametric estimations, which helps infer to whaeet and for which regions the model
performs better in explaining regional differenaesest scores. For all regions with null
or positive fixed effects, the lower performancet@st scores when compared with
Castilla Ledn is associated to differences in tmeloggment of various observed
characteristics. This is very important from an adional policy perspective, as it
indicates that there is some scope for reducingomed) disparities in educational
outcomes through appropriate changes either abstdhel or at family level.

We try to explore further the regional fixed efiedf those regions with a negative
and significant fixed effect, as they indicate tha@stence of other non-observed or non-
included test scores determinants which make stadfom those regions perform
relatively worse than their Castilla-Leon countetpaGender differences across regions
at the mean are not particularly high. However, agntop performers, for most regions,
the regional fixed effect disappears for boys, hoit for girls, which reveals that there
must be some regional factors other than thoseided in the estimation which lead
girls (but not boys) from these particular regiamslerperform their counterparts from
Castilla-Leon.

We investigate whether regional differences in othetors not explicitly included in
the model, such as culture or gender norms, cagm érgdlain the different pattern that
regions exhibit by gender. We classify regions atiog to several measures of gender
equality and find that in more gender-equal regitesnegative gap for females in maths
is smaller whereas their positive gap in readingigher. And, more importantly, this is
particularly the case for girls at the upper tailhe distribution.

This latter finding has a clear policy implicatiaa culture and gender norms seem to
be an additional determinant to explain gendeediifices in test scores. Regions such as
Andalucia and the Islands, where female perform@nparticularly poor, might improve
female performance and hence overall performancgolicy action would be more
directed to enhance the role of women in societgréddver, if no action is taken, gender
differences in educational outcomes across regwalisncrease for future generations
given the significant impact (indicated by our désuof variables related to family
background such as the education of the motheeces|y for high-achieving females.
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Tables and figures

Table 1. Average Math Test Score from PISA 2009 (using paogation weights)

All students Percentiles
Mean Std Dev  5th 10th 25th  75th  90th 95th
Spain 483 91 328 364 424 546 597 625
Finland 541 82 399 431 487 599 644 669
OECD Average 496 92 343 376 433 560 613 643
Spain-Finland -58 9 -71 -67 -63 -53 -47 -44
Spain-OECD avg -13 -1 -15 -12 -9 -14 -16 -18

Table 2A. Distribution of the Math Test Score 2009 across $mish regions

Students Schools Average 10th 90th  Diff 90-10
Castilla-Ledn 1.515 51 515,13 390,88 626,12 235,24
Navarra 1.504 49 510,98 391,66 618,72 227,06
Pais Vasco 4.768 177 509,17 397,11 617,94 220,83
Aragon 1.514 52 505,03 380,36 624,56 244,20
La Rioja 1.288 46 502,73 370,24 626,12 255,88
Madrid 1.453 51 496,42 377,64 608,98 231,34
OECD average 496,01 376,02 613,12 237,10
Cantabria 1.516 51 495,48 367,51 619,89 252,38
Catalufia 1.381 50 494,80 374,13 608,12 233,99
Asturias 1.536 54 493,95 365,56 611,71 246,15
Galicia 1.585 54 488,38 380,75 590,99 210,24
Spain average 25.887 889 483,71 363,62 598,02 234,40
Murcia 1.321 51 479,03 372,96 582,50 209,54
Baleares 1.463 52 464,15 344,14 578,68 234,54
Andalucia 1.416 51 462,73 342,79 575,10 232,31
Canarias 1.448 50 433,95 324,67 540,53 215,86

Table 2B. Gender Gap of the Maths & Reading Test Score (usjy population weights)

Mean Std Dev  5th 10th 25th  75th  90th 95th
Math Test Score
Boys 493,51 90,37 339,47372,18 433,72558,35 608,12 635,91
Girls 474,16 88,98 320,77 355,83 415,8 535,84584,44 613,58
Gender Gap -19,35 -18,7 -16,35 -17,92 -22,51 -23,68 -22,33
Reading Test Score
Boys 467,13 88,81 310,54348,94 408,26529,39 578,3 604,27
Girls 495,82 83,47 348,8 384,47 444,853,12 597,21 621,44
Gender Gap 28,69 38,26 3553 3595 23,73 1891 17,17
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Table 3A. Determinants of the maths/reading test scores Bpain 2009: Simple Regressions

Variables Maths Test Score Reading Test Score
1) (2) 3) 1) (2) (3)
Children characteristics
Female -30,21**  -30,87*** -31,05%** 18,07*** 1663*** 16,58***
(1,510) (1,812) (1,804) (1,445) (1,712) (1,699)
Immigrant -27,46**  -30,33*** -31,31%** -24,42%%*  -26,29%*%* -28,27***
(2,689) (3,198) (3.217) (2,667) (3,177) (3,178)
GRADE 66,52*** 65,54*** 65,91*** 63,63*** 62,45%** 62,06***
(1,193) (1,460) (1,472) (1,237) (1,479) (1,478)
Family Background
Mother University 10,27** 6,91%** 6,31%** 10,28** 7,12%* 7,39%**
(1,848) (2,209) (2,214) (1,723) (2,071) (2,070)
Father University 6,98%** 5,02** 5,09** 9,38*** 638+ 6,15
(1,817) (2,201) (2,207) (1,692) (2,000) (1,987)
Mother Full-time 6,63** 7,13%* 6,98*** 6,00%** 5,14** 4,34
(1,759) (2,108) (2,107) (1,673) (1,996) (1,996)
Mother Part-time 5,19** 4,30* 4,24 3,31 1,10 0,26
(2,134) (2,606) (2,607) (2,018) (2,432) (2,423)
Father Full-time 3,82* 2,80 1,69 2,24 1,43 0,56
(2,178) (2,625) (2,607) (2,151) (2,581) (2,565)
Father Part-time -9,45%** -11,15%** -11,98*** -B2 -2,49 -3,30
(3,001) (3,609) (3,631) (2,938) (3,528) (3,507)
Cultural Possessions 14,96*** 14,67*** 13,63*** B 15,23*** 14,76***
(0,915) (1,103) (1,113) (0,873) (1,052) (1,051)
School Characteristics
Private -1,21 -6,54* 2,31 -1,873
(3.343) (3.619) (3.116) (3.287)
Percentage of girls 0,45%** 0,30** 0,56*** 0,4%
(0,136) (0,143) (0,122) (0,123)
Stud-Teacher Ratio -1,44%* -0,79* -0,14 0,47
(0,351) (0,387) (0,326) (0,350)
Stud-Computers Ratio -14,15%*  -12 88*** -18,12%* -15,93***
(2,786) (2,845) (2,903) (2,939)
Number of repeaters -0,69** -0,64** -0,28%*  -0,26%**
(0,101) (0,105) (0,101) (0,101)
City 8,66*** 9,74%** 7,74%* 8,09%**
(2,043) (2,045) (2,013) (1,996)
Large City 21,92%*+* 18,34*** 27,49*%** 11,17%*
(3,129) (3,636) (2,987) (3,448)
Ability groups 14,32%** 12,10%** 12,15%* 9,95%*
(3,935) (4,024) (3,546) (3,647)
Standarized Tests 3,053 1,83 1,10 -0,13
(1,957) (2,014) (1,828) (1,882)
Region Fixed Effects No No Yes No No Yes
Constant 519,12** 529 68*** 539,56***  491,06*** A4771***  474,51%*
(2,564) (8,247) (9,035) (2,469) (7,637) (8,002)
Observations 24.241 16.235 16.235 24.241 16.235 2356.
R-squared 0,387 0,407 0,419 0,399 0,420 0,431

Notes:Standard errors in parentheses, ***p <0.01p®0.05, *p<0.1
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Table 3B. Determinants of the maths/reading test scores Bpain 2009. Quantile Regressions

Variables Math Test Score Reading Test Score
10th 25th 75th 90th 10th 25th 75th 90th
Children characteristics
Female -30,63*** -29,18**  -31,33*%* 3] 14%  2221%*  17,04**  13,63** 13,31+
(3,290) (2,025) (1,811) (2,004) (2,430) (1,816) ,98b) (2,011)
Immigrant -32,38** -35,79%* .22 A3+ .21 08**  .35,68**  -30,78%*  -2522%* .19 7%
(5,593) (3,434) (3,045) (3,160) (4,296) (3,122) ,18®) (3,100)
GRADE 70,56*** 68,73 67,28**  68,56***  64,28**  66,91**  60,27**  59,99%+*
(2,785) (1,665) (1,511) (1,609) (2,029) (1,520) ,501) (1,586)
Family Background
Mother University 10,51* 3,44 7,87%* 7,34 49 9,05%** 5,75** 5,79*
(4,180) (2,540) (2,150) (2,233) (3,053) (2,211) .28) (2,380)
Father University 4,14 6,56%+* 5,44+ 2,63 6,17* 7,90%+* 5,81 %+ 5,07*
(4,298) (2,495) (2,082) (2,154) (3,010) (2,158) ,1¢4) (2,285)
Mother Full-time 12,70%** 12,08*** 4,44% 1,56 ®0** 2,17 4,99** 2,11
(3,922) (2,385) (2,126) (2,305) (2,903) (2,129) ,26B) (2,358)
Mother Part-time 8,21* 4,79* 4,17 1,76 5,562 -2,26 1,79 -3,79
(4,801) (2,879) (2,563) (2,822) (3,380) (2,586) ,67@) (2,828)
Father Full-time -2,71 -1,88 6,29** 5,36* 0,69 ,30 -0,94 0,64
(4,753) (2,967) (2,658) (2,968) (3,438) (2,598) ,917) (3,013)
Father Part-time -19,20%*** -16,04*+* -6,08* -7,59 -6,30 -6,74* -2,01 -1,52
(6,801) (4,056) (3,563) (3,914) (4,811) (3,550) ,843) (4,218)
Cultural Possessions 14,13*** 15,23*** 12,80  por**  13,62**  16,15%*  14,03**  14,03***
(2,120) (1,274) (1,105) (1,216) (1,550) (1,163) ,1€B) (1,164)
School Characteristics
Private -10,65 -13,13*+* -4,24 0,23 -2,65 -4,88 8B -0,86
(7,010) (4,206) (3,762) (4,219) (4,670) (3,772) ,882) (4,113)
Percentage of girls 0,64* 0,26* 0,16 0,41 %+ ams* 0,51 % 0,37+ 0,24
(0,278) (0,155) (0,114) (0,115) (0,196) (0,140) ,103) (0,107)
Stud-Teacher Ratio 0,01 -0,36 -1,21 % -2,03*** 78, 0,56 -0,30 -0,21
(0,725) (0,453) (0,409) (0,474) (0,499) (0,405) ,4W) (0,447)
Stud-Computers Ratio -13,45** -8,83*** -12,94%+%  @]42%xk 29 79%k 2] 8O¥*  -10,98*** -7,70**
(5,441) (3,236) (2,835) (3,155) (4,024) (2,911) ,003) (3,174)
Number of repeaters -0,64** -0,69** -0,64** LG9+ -0,26* -0,19* -0,24* -0,46%*
(0,196) (0,121) (0,104) (0,115) (0,143) (0,108) ,109) (0,109)
City 3,93 12,22%** 8,35%** 13,43%** 2,56 9,68*+* 984*** 14,39%**
(3,748) (2,234) (1,992) (2,222) (2,740) (2,021) ,14B) (2,250)
Large City 13,23* 13,53*** 23,77%*  21,01%* 12 @*+* 9,18** 8,89** 16,64**
(6,462) (4,059) (3,644) (4,125) (4,769) (3,637) .,883) (4,154)
Ability groups 20,58*** 13,11%** 13,76**  20,92**  14,72%** 9,32** 10,36** 4,64
(7,341) (4,557) (4,189) (4,303) (5,016) (4,059) ,745) (5,167)
Standarized Tests 0,98 4,13* 1,26 -3,22 -0,82 323 0,89 -3,03
(3,742) (2,280) (2,184) (2,330) (2,587) (2,076) ,34B) (2,341)
Region F.Effects Yes Yes Yes Yes Yes Yes Yes Yes
Constant 431.181**  493.197** 592.817**635.005*** 392.500*** 439.782** 525.873** 572 736***
(16.889) (10.128) (7.858) (8.427) (12.290) (8.952) (7.651) (7.960)

Notes:Standard errors in parentheses,

***n<0.01p® 0.05, *p<0.1.In all columns we have 16.2Bservations.
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Table 4A. Separated Regressions by Gender including familyackground, school inputs and regional dummies

VARIABLES Maths Test Score Reading Test Score
Boys Girls Boys Girls Boys Girls Boys Girls
Immigrant -31,88**  -29,04**  -32,77** -30,38** -24 02%* .28 26** -26,72** -30,73**
(4,575) (4,355) (4,590) (4,384) (4,546) (4,396) ,51®) (4,383)
GRADE 63,04***  68,58***  63,37*** 68,98***  60,83***  64,33***  60,54**  £3,92***

(1,865) (2,271) (1,876) (2,288) (1,899) (2,309) ,86D) (2,298)
Family Background

Mother University 6,050  7,93% 5,44 7,31% 6,58  7,09%*  75BM* 7,48
(3,030)  (3,201)  (3,043)  (3,188) (2,926) (2,917) ,9(®) (2,891)
Father University 3,87 6,25%* 4,17 6,14** 5,23% 4B 4,64* 7,494
(3049)  (3,151)  (3,063)  (3,134) (2,780) (2,861) ,7(2) (2,816)
Mother Full time 7,93%% 6 49% 8 A0M* 587 474% 5,93** 4,73 4,35
(2,938)  (2,993)  (2,936)  (2,984) (2,782) (2,841) ,8(D) (2,816)
Mother Part-time 8,19%* 0,44 8,35% 0,54 4,75 02, 4,41 -2,87
(3695)  (3,605)  (3,708)  (3,589) (3,449) (3,406) 4R) (3,378)
Father Full-time 1,40 3,24 0,03 2,63 -0,52 223 1,40 1,78
(3,739)  (3,584)  (3,695)  (3,577) (3,555) (3,699) ,57@) (3,637)
Father Part-time -12,96%  -9,64*  -13,33*%* -10,67* -2,88 -2,90 -3,49 -3,97

(5065)  (5,052)  (5061)  (5,116) (4,933) (4,969) ,915) (4,926)
Cultural Possessions 12,90  16,79%*  11,74%* B+  14,60%*  1504%* 14, 12%% 15 0%

(1,507) (1,613) (1,522) (1,626) (1,437) (1,543)  ,48D) (1,525)
School Characteristics

Private 3,18 -5,90 -0,53 -13,65%** 2,72 1,61 0,79 -5,88
(4,604) (4,815) (5,003) (5,181) (4,452) (4,375) ,782) (4,559)

Percentage of girls 0,65*** -0,07 0,55%** -0,40**  0,78*** -0,01 0,72%** -0,15
(0,174) (0,184) (0,179) (0,181) (0,146) (0,182) ,147) (0,175)

Stud-Teacher Ratio -1,35%* ] 37+ -0,99* -0,33 0,29 -0,45 0,53 0,65

(0,477)  (0,512)  (0,532)  (0,557)  (0,459)  (0,466) ,46®)  (0,492)

Stud-Computers Ratio  -17,24%%-10,99%* -1530%* -10,63%* -20,18%* -16,19%* -18,02%* -14,19%*
(3890)  (3,960)  (3,969)  (4,063) (4,009) (4,161) ,064) (4,240)

Number of repeaters -0,57**  -0,80***  -0,56***  @1** -0,23* -0,33* -0,26* -0,26*
(0,141) (0,143) (0,148) (0,148) (0,137) (0,148)  ,189) (0,147)
City 8,87+ 8,11**  10,03**  9,36%** 11,16%** 3,78 11,22%*= 4,63
(2,813) (2,925) (2,823) (2,933) (2,782) (2,902) ., 7) (2,859)
Large City 17,66*=*  23,95**  1320*  21,71%**  26,F**  27,21%** 10,23** 11,06**
(4,445) (4,375) (5,238) (5,072) (4,280) (4,169) ,9¢) (4,797)
Ability groups 15,76%=*  13,97**  13,94** 10,99*  18,03*** 6,66 16,76*** 3,32
(5,633) (5,380) (5,733) (5,523) (5,098) (4,826) ,28%) (4,975)
Standarized Tests -1,76 8,66*** -2,71 7,29%** 70, 3,65 -1,66 2,06
(2,773) (2,723) (2,837) (2,806) (2,617) (2519) ,712) (2,543)
Region fixed effects No No Yes Yes No No Yes Yes
Constant 519,20%** 525,28** 529,12** 542 06*** 462,01** 52751** 460,10*** 527 51***
(11,082) (10,921) (11,876) (11,704) (9,956) (18)89 (10,361) (11,085)
R-squared 0,386 0,417 0,399 0,432 0,403 0,419 0,411 0,437

Notes:Standard errors in parentheses, ***p <0.01p* 0.05, *p <0.1. Samples: 8.244 males antiil8fémales
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Table 4B. Separated Quantile Regressions including familydrkground, school inputs and regional dummies

25th QUANTILE

75th QUANTILE

VARIABLES Maths Test Score Reading Test Score Maths Test Score e&tling Test Score
Boys Girls Boys Girls Boys Girls Boys Girls
Immigrant -35,52%%% .27 AG*** 27 53*+* -33,22%** -21,38%* 28,43+ .18, 34%** -27,99%+*
(4,793) (4,263) (4,500) (3,921) (5,789) (3,059) ,389) (3,251)
GRADE 62,59**  74,14** 65,46 66,97*** 65,89***  67,45** 59,38+ 61,10%**
(2,210) (2,133) (2,160) (1,967) (2,703) (1,664) ,5pB) (1,748)
Family Background
Mother University 4,24 3,02 11,71%** 7,63%+* 6,06 10,46*** 4,92 4,37*
(3,603) (3,107) (3,195) (2,719) (4,092) (2,234) ,7(B) (2,376)
Father University 4,10 9,99+ 1,59 12,12%** 5,69 2,64 3,20 5,95+
(3,563) (3,055) (3,071) (2,745) (3,977) (2,148) ,583) (2,308)
Mother Full time 11,36***  11,76*** 1,46 3,61 8,90 2,77 9,08** 2,68
(3,370) (2,919) (3,113) (2,612) (4,000) (2,218) ,78®) (2,343)
Mother Part-time 8,04* 0,85 -0,24 -4,26 9,61** ,82 5,25 0,31
(4,135) (3,458) (3,819) (3,149) (4,892) (2,607) ,41®) (2,799)
Father Full-time -5,45 3,21 -3,35 -0,87 4,61 6+30 -2,19 0,02
(4,116) (3,681) (3,928) (3,192) (5,073) (2,683) ,94%) (2,975)
Father Part-time -25,69*** -10,15** -10,56** -8,74* -8,61 -6,89* 0,62 -2,71
(5,697) (4,940) (5,232) (4,387) (6,705) (3,685) ,580) (3,966)
Cultural Possessions 14,25%*  16,41**  15,17** [P+ 10,34**  16,28%*  12,48%* 15,67***
(1,708) (1,654) (1,634) (1,480) (2,026) (1,182)  ,88B) (1,278)
School Characteristics
Private -12,47% -21,57%** -5,36 -8,40* 0,07 -8,27** 9,53 2,74
(6,000) (5,154) (5,471) (4,312) (6,990) (3,934) 268 (4,054)
Percentage of girls 0,57¥*  -0,61%* 0,92%+* -0 8> 0,39* -0,19 0,63*** 0,06
(0,186) (0,179) (0,178) (0,163) (0,201) (0,136) ,16®) (0,139)
Stud-Teacher Ratio -0,31 0,29 0,72 0,73 -1,26* 39 -0,60 -0,19
(0,638) (0,564) (0,578) (0,468) (0,745) (0,430) ,647) (0,440)
Stud-Computers Ratio  -19,08*** -226 -25,68*** 19,84+ -10,76**  -10,73**  -15,45%* -6,64**
(4,536) (4,030) (4,281) (3,607) (5,396) (2,905) ,885) (3,196)
Number of repeaters -0,71%*  -0,61*** -0,26* -@1 -0,63*** -0,64%* -0,29* -0,29**
(0,168) (0,150) (0,156) (0,132) (0,197) (0,107) ,17@) (0,115)
City 12,72%*  7,48*+* 12,07*** 3,96 8,27 10,17**  13,30*** 7,19%x*
(3,154) (2,735) (2,935) (2,499) (3,755) (2,048) ,5(\) (2,240)
Large City 5,67 15,69*** 10,95** 7,16 22,91%*  309*** 8,87 10,21%**
(5,777) (4,980) (5,302) (4,451) (7,108) (3,657) ,618) (3,931)
Ability groups 9,49 16,35**  17,20%** 4,45 20,83* 3,87 19,67*** -1,05
(6,463) (5,563) (5,833) (5,038) (8,024) (4,233) ,58B) (4,900)
Standarized Tests 0,50 12,01%** 3,44 4,81* -3,91 5,89*** -0,25 4,39*
(3,253) (2,830) (2,945) (2,643) (4,067) (2,235) ,84®) (2,441)
Constant 488,96** 497,88** 419,12**  516,49***  574,82** 584 59%* 512 24%* 557 H7*r
(12,876)  (12,180) (11,942) (10,622) (14,355) (8)79 (12,712) (9,048)

Notes:Standard errors in parentheses, *** p < 0.01p* 0.05, *p <0.1. Samples: 8.244 males antl18fémales
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Table 5. Raw & predicted difference in scores of each regh with Castilla-Leén

Differences CCAA-CL Raw Coefficients dummies CCAA
Maths Reading Maths Reading

Andalucia -52,4 -42,88 -17,47%* -10,79***
Aragon -10,1 -9,03 6,38 9,94 x**
Asturias -21,18 -13,19 -10,84*** 5,22*
Baleares -50,98 -45,21 -18,73*** -10,52***
Canarias -81,18 -55,28 -44,12%** -17,34%**
Cantabria -19,65 -15,29 4,13 10,29%**
Catalufia -20,24 -6,13 -11,56%** 6,66**
Galicia -26,75 -18,9 -0,74 10,58***
Madrid -18,71 0,69 -1,65 20,51 %**
Murcia -36,1 -22,92 -8,14** 3,33
Navarra -4,15 -6,26 1,15 5,64*
Pais Vasco -5,96 -9,22 -4,99* -2,89
La Rioja -12,4 -5,52 13,13*** 24,38%**

Table 6. Impact of regional variables of Gender Equality onthe Gender Gap

Dependent Variable: Gender Gap in Test Scores

Diff Maths Test Score Diff Reading Test Score
Ava. ESS 11,179 7,33
vo- (3,81) (1,85)
Gender Ratio on 47,837 82,321
Housework Time (1,87) (2,81)
q 21,583 -7,29
Gender Wage Gap (1,03) (-0,24)

2,277 4613 -0,444 4,339 8,263 5,80
(0,30) (0,56) (-0,05) (0,34) (1,05)  (0,39)
-69,89 -84,90 -27,42 -33,18 90,51 -22,78
(-0,95)  (-0,95) (-0,28) (-0,26) (-1,11) (-0,16)
R? 0,449 0,248 0,061 0,114 0,428 0,021

Log GDP per capita

Constant

Differences in Percentil 28 Test Scores Correlated with indicators of Gender guality

Diff Maths Test Score Diff Reading Test Score
Ava. ESS 7,818 14,562
vo- (2,63) (2,85)
Gender Ratio on 22,966 116,46
Housework Time (1,42) (2,13)
12,935 0,013
Gender Wage Gap (0,47) (0,01)

6,075 7518 4,728 8,743 -2,938  -7,860
(0,95)  (1,18) (1,41) (057) (0,25) (-0,43)
-91,531 -95,301 -65,901 -85,042 12,812 115,86
(-1,52)  (-1,40) (-0,89) (0,58) (0,10)  (0,68)
R? 0,327 0,149 0,109 0,228 0,462 0,026

Log GDP per capita

Constant
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Differences in Percentil 75th Test Scores Correlatewith indicators of Gender Equality

Avg. ESS

Gender Ratio on
Housework Time

Gender Wage Gap

Log GDP per capita

Constant

R2

Diff Reading Test Score

Diff Maths Test Score
13,074 7,342
(2,88) (1,95)
61,557 10,861
(2,24) (0,23)
21,665
(0,72)

2,041 5,434 -0,215 25,827 26.731
(0,23) (0,57) (-0,02) (2,66) (2,34)
-78,338 -105,12 -35,452 -255,60 -249.67
(-0,85) (-1,03) (-0,31) (-2,48) (-1,96)
0,375 0,282 0,043 0,457 0,393

-15,098
(-0,47)
28,395
(2,25)

-250,65
(-2,15)

0,398

Figure 1. Distribution of the Maths Test Score — Spain, Fidland OECD
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Figure 2. Average Math Test Score 2009 across Spanish regions
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Figure4. Gender Gap (Girls — Boys) at different percentiles
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Figure 6. Correlation between Gender Gaps in Maths and Rgalkst Scor
Across Regions
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Figure 8. Actual and Counterfactual Distributions in Read8apres
Andalucia versus CL

Effect of all observables on the Reading Test Score
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Figure9. Significant Regional Fixed Effects — Average Ma#si Score
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Figure 10. Significant Regional Fixed Effects — Average Regdiiest Score
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Figure 11. Significant Regional Fixed Effects — Math Test Scer25% Quantile
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Figure 12. Significant Regional Fixed Effects — Reading Textr® — 25% Quantile
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Figure 13. Significant Regional Fixed Effects — Math Test f@ce 75% Quantile
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Appendix

Table Al. Descriptive statistics for the relevant variables- overall Spain and by region

Variables Spain  Castilla-Le6n Andalucia Aragon Asturias Baleares Canarias Cantabria
Children characteristics
Female 0,492 0,509 0,474 0,494 0,474 0,499 0,476 0,491
(0,499) (0,500) (0,499)  (0,501) (0,499) (0,500) ,4€®)  (0,500)
Immigrant 0,110 0,063 0,068 0,135 0,065 0,184 40,1 0,084
(0,312) (0,243) (0,252)  (0,342) (0,247) (0,387) ,3¢B)  (0,278)
GRADE -0,467 -0,467 -0,560 -0,506 -0,404 -0,542 0,602 -0,459
(0,675) (0,697) (0,717)  (0,689) (0,658) (0,726) ,783)  (0,676)
Family Background
Mother University 0,315 0,349 0,234 0,342 0,363 ,310 0,229 0,349
(0,464) (0,476) (0,423)  (0,474) (0,481) (0,465) ,4ml)  (0,477)
Father University 0,328 0,345 0,253 0,367 0,349 ,329 0,238 0,354
(0,469) (0,475) (0,435)  (0,482) (0,477) (0,469) ,4PB)  (0,478)
Mother Full-time 0,442 0,427 0,353 0,459 0,419 524, 0,389 0,397
(0,496) (0,495) (0,478)  (0,498)  (0,494) (0,499) ,488)  (0,489)
Mother Part-time 0,204 0,184 0,208 0,212 0,207 2193, 0,188 0,237
(0,403) (0,387) (0,405)  (0,409)  (0,406)  (0,409) ,3¢1)  (0,425)
Father Full-time 0,729 0,755 0,715 0,756 0,660 719, 0,611 0,711
(0,444) (0,430) (0,452)  (0,429) (0,474) (0,449) ,487)  (0,454)
Father Part-time 0,119 0,113 0,128 0,101 0,116 119D, 0,159 0,132
(0,325) (0,317) (0,335)  (0,301) (0,319) (0,324) ,36B)  (0,338)
Cultural Possessions 0,191 0,463 0,142 0,356 0,298 0,055 -0,083 0,235
(0,865) 0,777) (0,872)  (0,825) (0,854) (0,879) ,9(@)  (0,876)
School Characteristics
Private 0,332 0,366 0,255 0,332 0,326 0,407 0,244 0,401
(0,471) (0,482) (0,436) (0,471) (0,469) (0,491) ,4PD) (0,490)
Percentage of girls 49,891 50,144 48,844 50,089 0,229 49,126 48,875 48,020
(8,75) (10,167) (5,534)  (4,557) (6,718) (6,843) ,7ER)  (9,276)
Stud-Teacher Ratio 11,869 11,527 12,150 11,927 4110, 10,372 10,942 10,561
(4,685) (4,669) (3,296) (4,472) (4,633) (4,508) 544 (4,499)
Stud-Computers Ratio 0,581 0,753 0,556 0,522 0,6780,519 0,634 0,617
(0,311) (0,436) (0,324) (0,267)  (0,419) (0,295) ,247) (0,330)
Number of repeaters 14,173 14,157 18,519 11,303 ,6548 14,089 13,197 14,665
(10,299) (8,145) (11,939) (6,773)  (4,962) (10,397) (6,568) 9,211)
City 0,257 0,390 0,372 0,525 0,438 0,354 0,197 0D,3
(0,437) (0,488) (0,483) (0,499) (0,496) (0,479) ,3UB) (0,458)
Ability groups 0,065 0,075 0 0,018 0 0,084 0,056 0,082
(0,247) (0,264) - (0,132) - (0,277)  (0,230) (0,p74
Standarized Tests 0,322 0,068 0,263 0,234 0,385 ,4150 0,275 0,214
(0,467) (0,253) (0,441) (0,424)  (0,487) (0,493) ,4407) (0,411)
Observations 24.517 1.515 1.416 1.514 1.536 1.463 .4881 1.516

Note: Standard errors in parentheses
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Table Al (continued). Descriptive statistics for the relevant variables- by region

Variables Catalufia Galicia LaRioja Madrid Murcia  Navarra Pais Vasco
Children characteristics
Female 0,486 0,497 0,488 0,500 0,500 0,475 0,485
(0,500) (0,500) (0,500) (0,500)  (0,500) (0,499) ,490)
Immigrant 0,128 0,058 0,153 0,175 0,141 188 0,062
(0,334) (0,235) (0,360) (0,380) (0,348) (0,345) ,242)
GRADE -0,259 -0,491 -0,501 -0,494 -0,471 364 -0,273
(0,498) (0,698) (0,690) (0,690) (0,681) (0,574) ,540)
Family Background
Mother University 0,327 0,304 0,353 0,369 0,250 ,41@ 0,451
(0,469) (0,460) (0,478) (0,483) (0,433) (0,492) A0B)
Father University 0,375 0,313 0,340 0,391 0,285 , 38B 0,462
(0,484) (0,464) (0,474) (0,488) (0,452) (0,487) ,490)
Mother Full-time 0,542 0,466 0,463 0,454 0,406 508, 0,576
(0,498) (0,499) (0,498) (0,498) (0,491) (0,500) A
Mother Part-time 0,211 0,181 0,197 0,232 0,228 214, 0,167
(0,408) (0,385) (0,398) (0,423)  (0,420) (0,410) 3@
Father Full-time 0,768 0,748 0,775 0,714 0,712 779, 0,800
(0,422) (0,434) (0,417) (0,452)  (0,453) (0,414) ,300)
Father Part-time 0,088 0,092 0,096 0,153 0,138 109, 0,076
(0,283) (0,289) (0,296) (0,361) (0,345) (0,311) ,265)
Cultural Possessions 0,046 0,052 0,315 0,379 0,225 0,191 0,174
(0,891) (0,924) (0,824) (0,822)  (0,845) (0,866) ,843)
School Characteristics
Private 0,387 0,310 0,374 0,400 0,269 0,389 0,563
(0,487) (0,463) (0,484) (0,490) (0,443) (0,487) A00)
Percentage of girls 49,816 50,154 50,410 49,556 0,073 49,234 49,360
(4,179) (7,795)  (8,451) (5,713)  (9,563) (9,344) ,509)
Stud-Teacher Ratio 13,521 10,216 12,703 13,089 4191, 10,359 10,840
(7,103) (4,160) (5,164) (4,316)  (4,277) (3,487) ,3%)
Stud-Computers Ratio 0,588 0,693 0,678 0,446 0,533 0,467 0,625
(0,286) (0,394) (0,334) (0,177)  (0,206) (0,310) ,310)
Number of repeaters 13,427 13,315 16,774 14,7436,998 9,032 7,856
(11,284) (9,506) (12,494) (8,973) (10,050) (4,901) (7,003)
City 0,199 0,204 0,455 0,135 0,273 0,423 0,357
(0,399) (0,403) (0,498) (0,342)  (0,446) (0,494) A7)
Ability groups 0,154 0,064 0,048 0,029 0,064 a,10 0,051
(0,361) (0,245) (0,215) (0,168)  (0,246) (0,306) ,20)
Standarized Tests 0,271 0,605 0,552 0,387 0,313 ,5920 0,528
(0,445) (0,489) (0,497) (0,487)  (0,464) (0,491) 490)
Observations 1.381 1.585 1.288 1.453 1.321 1.504 7684.

Note: Standard errors in parentheses
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Table A2. Negative and significant regional dummy coefficigs. Average
Maths Reading
All Boys Girls All Boys Girls
Andalucia -17.471%* -13.775%* -23.934** -10.791** -21.821%**
Asturias  -10.844**  -12.840%*  -11.318**
Baleares  -18.729** -18.681** -20.880** -10.516**  -9.818*  -12.616***
Canarias  -44.124** -46.606*** -44.341** -17.344** -12.099** -25.630***
Catalufia  -11.562** -12.373*  -13.611***
Murcia -8.137**  -11.558**  -8.343*
Pais Vasco -4.987* -8.232**

Note***p <0.01, *p <0.05, *p<0.1

Table A3. Negative and significant regional dummy coefficiers. Quantile 25th

Maths Reading
All Boys Girls All Boys Girls

Andalucia  -17.282** -17.353*** -28.053*** -19.048*** -11.065** -32.608***
Asturias -17.438***  -22.800*** -18.079*** -10.676***
Baleares -18.135** -18.807*** -21.186*** -13.595*** -15.379*** -19.182***
Canarias -46.725%* -47.597*** -53.303*** -25.861*** -17.988*** -37.958***
Catalufna  -16.352*** -18.824*** -20.746***

Murcia -6.412* -11.798**  -15.397*** -9.063**
Pais Vasco -9.492** -13.608*** -6.535* -11.029*** -12.398*** -11.816***

Note: **p <0.01, *p <0.05, *p<0.1

Table A4. Negative and significant regional dummy coefficigts. Quantile 75th

Maths Reading

All Boys Girls All Boys Girls
Andalucia  -14.728*** -23.233%** -13.751%**
Asturias -10.265***
Baleares -20.280*** -13.255* -21.884***  -7.963** -9.955**
Canarias -44.196***  -42.376**  -44.302***  -8.778** -12.904***
Catalufia -0.132%** -10.837***
Madrid -13.500***
Murcia -10.015*** -0.938***

Note:*** p < 0.01, *p<0.05 *p<0.1
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