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Inequalities in Childrens’ Educational Outcomes in Ireland

1. Introduction

It does not seem controversial to suggest that education plays a pivotal role in many key
outcomes in life. There is a large literature on the returns to education in the form of higher
private earnings (see Ashenfelter et al, 1999), and education also appears to affect other
outcomes such as health (Cutler and Lleras-Muney, 2010). Education can also provide
substantial positive externalities to society in general (see the recent review and references in
Dickson and Harmon, 2011). Given the undoubted benefits of education to both the
individual and society, it seems important that all individuals have the opportunity to acquire
education. A corollary of this is that arbitrary circumstances of background should not act as
an impediment to the acquisition of education. A further corollary of this position is that if
two people from different backgrounds have access to the same level of educational
resources, their ability to translate these resources into educational attainment should be the
same (conditional upon them expending the same level of “effort”). What each individual
ultimately makes of the educational opportunities presented to them in terms of effort
expended may be regarded as a private concern, but from the point of view of society, it
seems desirable that all citizens should have the opportunity to invest in their education and

that the return to a given investment of effort should not differ by arbitrary circumstance.

Following on from this, equality of opportunity in education would seem to be a worthy
policy goal. The analysis of inequality of opportunity (as opposed to equality of outcome)
has enjoyed a revival in recent years and this approach has been applied to areas such as
education and health as well as income (e.g. Dworkin, 1981, Gamboa and Waltenberg, 2012,
Ferreira and Gignoux, 2011a, Romer, 1998, 2002, Rosa Dias and Jones, 2007). While the
precise definitions and approaches to measuring equality of opportunity may differ, in all
cases a clear distinction is made between what may be regarded as “fair” and “unfair” sources
of inequality. In some cases the terms ethically defensible and indefensible have been used.
For example, what are sometimes labelled as “circumstances” such as parental socio-
economic outcomes are seen as unfair sources of inequality, whereas inequality arising from
factors such as effort or lifestyles may be seen as fair. This concept can be applied in a
straightforward way to education. Suppose we observe inequality in educational outcomes,

then if someone has a low educational achievement owing to background circumstances over



which they had no control, this is deemed ethically offensive. But if the inequality and
accompanying low outcome arises because they consciously chose not to apply sufficient

effort then this is regarded as ethically defensible.

A formal framework for this view of equality was established by Romer (1998, 2002). For a
given outcome for an individual y; we divide all factors which might affect this outcome into
effort factors and circumstance factors, bearing in mind that some effort factors themselves
may depend upon circumstances e.g. the amount of effort someone puts into their education
may be affected by the educational level of their parents. The Romer model does not specify
which factors could be considered as effort and which as circumstance and clearly there is
considerable room for debate here. There will also be purely random factors which affect
outcomes in the sense that once all effort and circumstance factors have been accounted for

there will still be a residual degree of inequality in the educational outcome.

It could also be argued that key decisions regarding the level of effort to spend on education
are made by a child at an age where they could not reasonably be held responsible for their
decisions. As explained below, we sidestep this issue by controlling for level of effort in a
particular way, but it is an important point and should be borne in mind in the analysis which

follows.

With respect to circumstances, the Romer model partitions the population into different types,
whereby a type consists of individuals who are exposed to the same set of circumstances and
the number of types should be mutually exclusive and exhaustive. The precise number of
types is left to the choice of the analyst but the types should be meaningful in the sense that
each should have a sufficiently different set of circumstances so that they can be realistically
regarded as providing a different opportunity set for each type. Given the set of
circumstances and types which are identified, equality of opportunity then dictates that
average educational outcomes should be identical for each type, for given levels of effort.
One of the most innovative aspects of the Romer approach is the identification of effort. If
the outcome for each type is a monotonic function of effort, then two people from different
types, but at the same quantile of outcome within their type, can be regarded as having
exerted the same level of effort. The differences in outcomes across types (at the same
within-type quantile) can then be regarded as an ex post measure of inequality of opportunity.

This is known as the Romer identification assumption (RIA).



It is worth noting that there are parallels between the measurement of inequality of
opportunity and other approaches which also examine differences in outcomes by type.
Virtually all measures of inequality (whatever the underlying outcome measure) are a
function of the gaps between people in these outcomes e.g. the Gini coefficient is the
normalised double sum of all pairwise gaps in outcomes, while entropy measures are a
function of the gap between the log of the outcome for each observation and the mean log.
Thus measurement of the inequality of opportunity essentially involves decomposing these
gaps into that part arising from inequality of circumstances (ethically indefensible inequality)
and that part arising from inequality of effort (which is viewed as ethically defensible). By
invoking the RTA and measuring these gaps at the same quantile, we are controlling for the

level of effort.

A complementary approach to decomposing gaps in outcomes is the decomposition literature
pioneered by Blinder (1973) and Oaxaca (1973), and extended in recent years by Dinardo,
Fortin and Lemieux (1996), Macahado and Mata (2005) and Melly (2005) amongst others.!
In this approach a reduced form equation for the outcome under consideration is estimated.
Most applications of this approach examine outcomes in labour markets and so the reduced
form equation is typically a wage equation, but in our application here it would be an
education production function. Since linear regressions hold exactly at the mean, Blinder-
Oaxaca (B-O) showed that for a two-way partition of the population, the gap in outcomes at
the mean could be decomposed exactly into that part arising from characteristics and that part
arising from the return to characteristics. The former is often referred to as the “explained
gap”, while the latter is the “unexplained gap” and can also, depending upon the particular
application be viewed as a measure of a treatment effect (Fortin et al, 2011). Subsequent
extensions showed how the decomposition can be carried out at other parts of the distribution

via quantile regression.

Given that the B-O approach partitions the population into types and then analyses the gaps
in outcomes between these types, some form of marriage between this approach and the ex
post inequality of opportunity approach may be fruitful. In particular, quantile decomposition
can be applied to the gap in outcomes between two types. If we apply the RIA, then the gap
at each quantile has controlled for effort, and this gap is a reflection of ex post inequality of

opportunity. The gap can then be further decomposed into that part arising from differences

" For a recent survey, see Fortin et al (2011).



in characteristics between types, and differences in the return to these characteristics. A
detailed decomposition can then identify precisely which particular characteristics are most

relevant in terms of explaining inequality of opportunity.

This is the approach we take in this paper. As with the traditional inequality of opportunity
approach, we partition the population into different types (in our application we have four
types, defined by maternal education level). For each of these types we then estimate what
could be regarded as an education production function. The “outputs” are the scores in
mathematics and reading tests taken at age nine, and the inputs are factors which are unique
to the nine-year old (but clearly outside of their control) such as their birthweight, parental
health and income and also various school measures such as class size and other school
characteristics etc. Given four different types we have six (n(n-1)/2) different pairwise
comparisons of scores in these tests, each with an associated “gap”. Each pairwise gap in
scores could be regarded as a bilateral measure of inequality of opportunity and an overall
measure of inequality of opportunity could be obtained by some aggregation of the gaps. We
do not go down the route of investigating what form that aggregation should take. Instead we
concentrate upon the decomposition of the gaps, which can reveal what factors lie behind the
gaps. The decomposition of the gaps could be evaluated at the mean (as in the traditional B-
O approach) or at different quantiles of the distribution, the advantage of the latter being that
by invoking the RIA, we are controlling for the level of effort applied within each group..

The application of the B-O and quantile decomposition approach enables a deeper
exploration of the factors lying behind inequality of opportunity. In our particular application
we can decompose inequality of opportunity in education into two components: the first of
these is perhaps most closely related to “standard” inequality of opportunity measures and
reflects inequality which arises owing to differences in observable characteristics (the inputs
to the production function), whereby different types have different characteristics. This is the
“explained” component of the gap, with a further attractive feature of this decomposition
being the possibility of breaking down the explained component into the part arising from

individual characteristics, such as maternal age, class-size etc.

The second component is the “unexplained” component of the gap and may reflect

differences in unobserved characteristics which affect the gap between types and/or different



returns (by type) to individual characteristics.> Thus even if the average child in type 1 has
exactly the same characteristics as the average child in type 2, there may still be a difference
in outcomes, as one of the types obtains a better return from a given set of characteristics than
the other. In the early Blinder-Oaxaca literature, this was sometimes referred to as
“discrimination”. However, it could be argued that it should be regarded as a manifestation
of a particular type of inequality of opportunity and indeed seems to be close to inequality of

opportunity as discussed in Breen and Goldthorpe (1999, 2001).

The decomposition of inequality of opportunity into characteristics and returns may be very
useful from a policy perspective. If we observe that a given gap in educational outcomes
between types arises primarily from characteristics (such as school facilities or teacher
training) then the obvious policy response is to provide such characteristics to the
disadvantaged group. However, if the gap primarily arises owing to differences in the returns
to such characteristics, then it may indicate deeper, structural issues, as well as perhaps a
difference in the endowment of unobserved characteristics, either of which may require a

different policy response.

Note that in order to invoke the RIA, and hence control for the level of effort being expended
within each type, it is necessary to employ quantile decomposition. Decompositions
evaluated at the mean run the risk that the mean may fall at a different quantile for each type,
and so part of the gap could be viewed as arising from differential effort. Quantile
decomposition ensures that the gap is being evaluated at the same quantile and hence, if the

RIA holds, is being evaluated at the same level of effort.

The remainder of the paper is laid out as follows: in section 2 we describe the model of
inequality of opportunity in more detail and explain the reasons behind our chosen approach.
Section 3 describes our data, while section 4 presents results with section 5 offering

concluding comments.

2. Inequality of Opportunity and Decomposition

? More specifically, in the regression equation which “explains” outcomes, the differences in the constant term
between types reflects differences in unobservables, while differences in the coefficients of the regressors
reflects different “returns” to characteristics.



As outlined above, the recent literature on inequality of opportunity regards inequality in
outcomes as having both fair and unfair sources. Differences in outcomes arising from
circumstances which are beyond the control of an individual and for which they could not be
held responsible may be regarded as an unfair source of inequality. Correspondingly a
difference in outcome arising from deliberate choices regarding factors such as effort and
lifestyle are viewed as “fair” sources of inequality. The key issue then becomes identification

of circumstances and effort.

In all approaches to measuring inequality of opportunity the population is divided into types
whereby each type represents a particular combination of circumstances. Following this,
there are a variety of approaches which can be taken to measuring inequality of opportunity
and a recent comprehensive survey can be found in Ramos and Van de gaer (2012). What
they term the direct way of measuring Inequality of Opportunity is to estimate the degree of
inequality in a counterfactual distribution where inequalities due to effort have been removed
and what remains is simply inequality arising from circumstances. This has been labelled the
ex ante approach (see Ramos and Van de gaer, 2012) and is an issue we plan to pursue in

future research.

In this paper we employ what is known as the ex post approach to identifying inequality of
opportunity. It is not entirely accurate to state that we will be measuring overall inequality of
opportunity, since our approach will be to examine pairwise gaps i.e. inequality of
opportunity between two groups or “types”. An overall measure of inequality of opportunity
would require some form of summation of the pairwise gaps. It is not entirely clear what
form of summation that would entail and we leave that for further research (for a possible

approach, see Checchi and Peragine, 2010).

Our approach relies upon the Romer Identification Assumption in order to identify levels of
effort. Following the notation in Romer (2013) suppose that the population is divided into T
mutually exclusive and exhaustive types, indicated by ¢=1,...,T, where types are defined by
circumstances. In our case the particular circumstance will be the education level of the
mother. Let the outcome in question (in this case test scores) be denoted by y, then the
average outcome for type ¢ will depend upon the application of effort, e. It is assumed that

the outcome is montonically increasing in effort, e and thus y'=)’(e).

3 For a recent discussion of ex ante and ex post approaches to measuring inequality of opportunity see Fleurbaey
and Peragine (2013).



For each type ¢ there will be a distribution of effort, which can be denoted as G'(e). The

Romer Identification Assumption then identifies levels of effort by the rank in the
distribution of effort G'(e). We then have the function v'(6)=)'((G")”(9)) which gives the
average value of y for people at the 6th quantile of the distribution of effort of their type.

However, it is not necessary to observe the distribution of effort for each type. If y is
montonically increasing in effort for each type, then rank by effort (for each type) will
correspond exactly to rank by outcome and we can simply observe v/() directly as the level

of y for type ¢ at the Oth quantile of the distribution of y for that type.

Thus in order to confirm the existence of ex post inequality of opportunity, we can examine
the cumulative distribution functions (cdf) for the different types in question. Take for
example, figure 1, where we show the cdf for two types (1 and 2) for the outcome variable, y.
The cdf on the vertical axis can be used to infer ex post inequality of outcome. If effort is
monotonic in outcome, then any particular quantile on the vertical axis can be viewed as
representing the same level of effort. We can then read across to find the associated level of
outcome for that quantile for each type. Thus we see that for the median level of effort for
both type (6=0.5), the outcome for type 1, y'(0.5) is less than that for type 2, y°(0.5), and thus
ex post inequality of opportunity is present at that level of effort.

If first order stochastic dominance is observed i.e. the cdf for type 2 lies below that of type 1
for all values of y, then we know that regardless of the level of effort chosen, there will
always be inequality of opportunity between the two types. If the cdfs cross, then we have
inequality of opportunity in one direction at one level of effort and inequality of opportunity
in the other direction at a different level of effort. As mentioned above, in that case, some
form of summary measure across the distributions will be required. Thus comparison of cdfs

for different types provide a very useful check for the presence of inequality of opportunity.

To summarise, the RIA permits us to detect the presence of inequality of opportunity by
examining outcomes for each type for the same quantile of outcome (thus controlling for
effort). Quantile decomposition complements this approach, since it enables a more thorough
exploration of the differences in outcomes (the gaps) at given quantiles. In particular it
allows for a decomposition into characteristics and returns to characteristics, thus providing a
richer description of inequality of opportunity. In the next section we describe our data and

also the decomposition methodology we employ.



3. Data, Summary Statistics and Decomposition
Data and Summary Statistics

Our data come from the Growing Up in Ireland (GUI) Survey 9 year old cohort which
tracked the development of a cohort of children born in Ireland in the period November 1997-
October 1998 (see Williams et al, 2009). The sampling frame of the data was the national
primary school system, with 910 randomly selected schools participating in the study. Part of
the survey consisted of the children undertaking tests in mathematics and reading. These
tests are known in Ireland as the Drumcondra tests and have been a feature of the Irish
educational system for a number of years and are linked to the national curriculum. The
particular tests for the GUI survey had not been seen in advance by schools, teachers or
pupils in advance of their use in GUI. The particular cohort of nine year olds in the GUI
survey were spread over three different school grades (2™, 3™ and 4™ class) and three
different levels of the test were administered, with the majority of the children in 3™ class

(roughly equivalent to grade 3 in the US).

The educational outcome which we use in this paper is the results from these tests in maths
and reading. As the tests were administered at three different levels it was necessary to
standardise the results, hence the data we use are the logit scores which were obtained from
the original raw data using the principles of Item Response Theory (see Lord, 1980). Results
from tests at this age (and earlier) have been shown to have predictive power for subsequent
later-life outcomes in areas such as education and health (Feinstein, 2003 and Batty et al,

2007).

In total there are 8568 children in the GUI survey. As our definition of “type” we use the
education level of the principal carer. We drop observations where the Drumcondra test
results were missing (222 observations). We also drop observations where the principal carer
is not the biological mother of the child (210 observations). In carrying out our
decompositions we employ a wide range of variables which might influence the test scores.
These include data on the study child’s principal carer, family and school circumstances.

Where this data is missing, we drop those observations (see the appendix for a detailed list of



variables employed). This gives us a sample for analysis of 7536 of which 3663 are boys

and 3873 are girls. In all cases sampling weights are applied. *

We break down principal carer’s education into four categories. The first category is those
who have completed no further than lower secondary school education, indicating that they
left formal schooling on or before the age of 16. The next category is those who completed
secondary schooling, thus leaving formal education at around 18. The third category is those
who have taken a post-school, but non-degree, qualification. The final category is those with
at least a primary degree. While a finer breakdown by education was available, we chose to
limit ourselves to four types, as a higher number of types would have reduced cell size and
would also have added to the number of pairwise decompositions. Table 1 summarises

educational qualifications for principal carer.

Table 2 provides the average logit scores for maths and reading by gender. Girls show higher
average scores for reading, while boys show higher average scores for maths (the differential

achievement by gender for maths is explored in more detail in Doris et al, 2013).

The last summary table we present before moving on to the analysis of inequality of
opportunity is table 3. These show the mean results for maths and reading scores by type. In
all cases average scores in maths and reading are higher for those children whose mothers’
have higher levels of education. At the limit, the gap between the most advantaged and least
advantaged types approaches one standard deviation of score. In terms of comparison it
should be noted that such gaps are larger than the gaps observed between ethnic groups in the
US (e.g. the Black-White or Hispanic-White gaps) for similar tests for similar age groups
(see, for example, Clotfelter et al, 2009, who analyse gaps between grades 3 and 8 in the US).
The importance of such gaps in cognitive/educational outcomes in terms of future adult
outcomes has been explored by Hanushek (1986) and Haveman and Wolfe (1993). Low
achievement in childhood tends to persist and significantly worse life outcomes as adults may

result.

Figures 2a and 2b also show the kernel densities by education (increasing in level from 1 to
4) for maths and reading. As reflected in table 3, the densities for higher levels of education

show greater weight towards the right.

* The variable with the greatest number of missing observations was family income. To address this we
replaced these missing observations via conditional mean imputation. The inclusion/non-inclusion of these
observations made little qualitative difference to the results.



Figures 3a and 3b essentially show the same information as 2a and 2b except this time it is in
the form of cumulative density functions (cdfs). The cdf for education type 4 is well to the
right and below those of the other types. That for type 1 is well to the left and above, while
the cdfs for types 2 and 3 are quite close together. This indicates a reasonable degree of ex
post inequality of opportunity between type 1 and the other types, and also between type 4
and the other types. The horizontal gap between the cdfs for each education type reflects the
gap in scores at that quantile. We now propose to investigate these gaps in more detail via

quantile decomposition.
Decomposition

We now explain the decomposition methodology. We first of all run through the BO
decomposition at the mean, and we then describe how the decomposition can be carried out at

different quantiles of the distribution.

Suppose that the outcome (e.g. the Drumcondra score test for maths or reading) for students
in type t (t=1,2), y; is a linear function of K variables (characteristics, where ¢ indicates
maternal education level. We wish to obtain a decomposition of the difference in outcomes

between the two types. Thus we have
yv,=XpB +v, . E(v,)=0,te{l2}

where X is a vector of characteristics and f is a vector of returns to characteristics (or slope

parameters of the relationship, including the intercept). Since E(v,)=0,f € {1,2}, the total

difference in average educational outcome A/ =y, —y, can be decomposed as follows:

A/; =E(yl)_E(y2)=E(Xl)ﬂl _E(Xl)ﬂz +E(X1)ﬁ2 _E(Xz)ﬂz'

where E(X,)f, is the unconditional counterfactual mean outcome i.e. what type 1 would

have achieved on average if they had the returns on type 2. This expression can be arranged

as follows:

AT =(E(X)IB - B D+ ([EX,) - E(X,)]B,).



The second term on the right hand side above, ([E(X,)— E(X,)]f,), shows that part of the

gap which arises owing to differences in the characteristics of the two groups and is usually
referred to as the “explained” portion of the gap. The first term on the right hand side,
(E(X)LB, — B,]) . is that part of the gap which arises owing to differences in the returns to
characteristics, and is often referred to as the “unexplained” portion of the gap. As
mentioned earlier, it is also possible to further decompose both the explained and unexplained
portions of the gap to obtain the contribution of each covariate. This is sometimes called the

“detailed decomposition”.’

However, we may also be interested in gaps and decompositions at parts of the distribution
other than the mean, and of course, given that we are looking at inequality of opportunity
using the Romer Identification Assumption then we will wish to examine gaps at different
quantiles and not just at the mean. Unfortunately, the simple BO decomposition holds
exactly only at the mean, and so we need an alternative approach in order to carry out

regression based decompositions in the spirit of BO at different quantiles.

A number of approaches to this issue have been proposed (see the review by Fortin et al,
2011). The key issue is that the law of iterated expectations does not hold in the case of
quantiles. Given our outcome, y, the conditional quantile function is assumed to be linear of

the form
0,(y|X) = X/, for each 6 & (0,1)

where X; represents the set of covariates for individual i and py is the coefficient vector for
the 0™ quantile. The quantile coefficients can be seen as capturing the return of each
covariate across the distribution of y. Given the assumption of linearity, it is possible to

estimate the conditional quantile of y by linear quantile regression for each & € (0,1). The

conditional quantiles for types 1 and 2 are then Qw(y1|X D=X.p, and

0,5 (1,1X,) = X3, B,, respectively.

Can we reconstruct the counterfactual unconditional distribution of outcomes Q5 = X|.f3,,

using estimates from the conditional quantile regressions? This is straightforward when

> Detailed decompositions of the unexplained portion can also be sensitive to the choice of omitted category for
categorical variables. See Fortin et al (2011).



dealing with the mean, since the law of iterated expectations tells us that

E(y)=E,(E( y|X )). Thus the OLS estimate for covariate X; provides the effect of the

covariate on either the conditional or unconditional mean of y. However, this does not hold

in the case of quantiles. Thus Q,(y) # E ,[O,( y|X )] where Q,(») is the 0" quantile of the

unconditional distribution and E,[Q,( y|X )] is the corresponding conditional quantile. And

so, in terms of a decomposition, the differences in unconditional quantiles will not be the

same as the difference in conditional quantiles.

Is it possible to move between conditional and unconditional quantiles, so that we can use
estimtates from conditional quantile regressions to investigate decompositions of the
unconditional distribution at various quantiles? Machado and Mata (2005) and later Melly
(2005) suggested related approaches, both based upon the estimation of a large number of
quantile regressions. The Machado/Mata approach involves taking a random sample of size
m from a uniform distribution U[0, 1]. For each of the types they estimate m different

quantile regression coefficients f,, and 3,,. They then generate a random sample of size m
with replacement from the empirical distribution of the covariates for each group X,; and
X,;. The counterfactuals are then generated by multiplying different combinations of

quantile coefficients and characteristic distributions after repeating the random sample

generation m times.

Melly (2005) suggested a modification of this approach which avoids its computational

intensity. The counterfactual distribution is obtained by estimating the quantile coefficients
/?29 for a grid of values of 6 and then drawing random samples only for the covariates X,

from the empirical distribution. 100 observations are drawn (with replacement) from each of
the sub-samples for types 1 and 2. Each observation is then ranked and it represents a
percentile, 6, of the outcome distribution. This can be carried out m times thus giving a
sample of size m for each @ quantile, which are then used to construct the counterfactual. In
addition, it is also possible to provide a further decomposition whereby the effects of

coefficients can be separated from those of residuals.

There are two major drawbacks associated with these approaches. First, they are both,
particularly Machado/Mata, very computationally intensive, since they involve the estimation

of a large number of conditional quantile regressions and in addition bootstrapping is needed



to obtain sampling variances. Secondly, carrying out a detailed decomposition is also not
possible for the explained portion of the gap and the decomposition of the unexplained potion

will be path dependent.

An alternative approach to estimating unconditional quantile regressions is that of Firpo,
Fortin and Lemieux (henceforth FFL, 2009). They suggest an OLS-based regression method
which estimates the impact of changes in an explanatory variable on the unconditional
quantile of the outcome variable, via the regression of a transformation of the outcome
variable on a set of explanatory variables. The transformation in question is based on the
influence function (IF), which provides the influence of an individual observation on the
distributional statistic of interest. Thus if F(y) is the cumulative distribution of the outcome
variable and if 7() is the distributional statistic in question e.g. a quantile, or perhaps the Gini
coefficient, then the influence function is the directional derivative of 7(F) at F' (Essama-
Nssah and Lambert, 2011). By adding the IF to the original distributional statistic, we obtain
the recentered influence function (RIF) and it is this which is regressed against the covariates

in the X vector.

For the case of a specific quantile, Qp, the IF is defined as

O—-1(y<0Qy)

IF(y;0,) = 7(0)

where 6 is the quantile in question, /(.) is an indicator function taking on the value of 1 if the

expression in parentheses is satistied, Q,(y) is the 0™ quantile of the unconditional
distribution of the outcome variable and f,0,(») is the density of the marginal distribution

of y evaluated at Q,. The RIF is then

O@-1(y=<9,)

RIF(y;0,) =0,
10y) =0, + 7.0

It is worth noting that in the expression above, apart from the constant terms, Q,(y)and
9, (), the RIF is an indicator function for whether the outcome variable is smaller than or

equal to the quantile value. This can be estimated via a linear probability model for say type
1, and counterfactual proportions for type 2 could then be constructed using type 1’s

coefficients. The counterfactual proportions can then be inverted back to the counterfactual



outcome quantiles and standard decomposition analysis can be applied, including a detailed
decomposition (though the omitted category issue remains). As we are specifically interested
in the detailed decomposition for the explained part of the decomposition, we choose to use

the FFL approach for our quantile decompositions.

4. Results

Tables 4 and 5 show the quantile decompositions for maths and reading respectively. They
are presented for all pairwise gaps, and given we have four levels of education (our four
“types”), this amounts to six pairwise gaps. We present results for the gaps at the 10", 25,
50™ , 75™ and 90™ quantiles and also at the mean. We show the explained gap i.e. accounted
for by characteristics and also the unexplained gap, reflecting differential returns to
characteristics and also unobserved factors. Given that we have six pairwise gaps for both
maths and reading, in terms of the detailed decompositions it is possible that we will observe
a number of variables which will be statistically significant in the decompositions, with this
significance simply reflecting type I errors. Thus we only show the part of the explained gap
accounted for by two specific characteristics, income and the total number of children’s
books in the study child’s house’ as these variables consistently show up in virtually all
detailed decompositions as having statistically significant associations with both maths and

reading scores.” We also present these results graphically in figures 3 and 4.

Dealing with maths results first, the pairwise gaps reflect the results in table 3, with
substantial gaps for all pairwise comparisons (with the possible exceptions of those between
types 3 and 2, which are more modest). While the gaps do tend to fall as we move to higher
quantiles, in truth there is not a lot of variation across the distribution. In general, the
unexplained part of the gap slightly exceeds the explained part, except around the median.

The fraction of the total gap accounted for by the explained part varies between about one

® For international evidence on the importance of the latter factor in terms of children’s educational
achievements, see Evans et al (2010) and Chiu and Chow (2010).

" To economise on space in the main paper, we only show the full detailed decompositions in the appendix
tables.



third and one half. In turn, the portion of the explained gap accounted for by income and

books is around one half, though it tends to be lower for the 10" quantile.

Turning now to the pairwise gaps for reading, once again the gaps tend to fall slightly with
higher quantiles, with the exception of the 3/2 gap. Contrary to the case with maths, the
explained portion of the gap is much closer to the unexplained portion and in the case of
pairwise gaps not involving type 4, it tends to account for the larger fraction. The portion of
the explained gap accounted for by income and books again is around a half in most cases,

though somewhat larger in the case of pairwise gaps not involving type 4.

Overall, however, even allowing for some differences, it does not seem unfair to say that the
results show a considerable degree of uniformity across maths and reading. About 30-50% of
the pairwise gaps are accounted for by differences in circumstances, and within that portion
accounted for by differences in circumstances, about 50% of the difference arises from

differences in income and books within the house.

On the basis of these results we can indicate some policy recommendations? As outlined
above, given the large number of decompositions which we carry out it is inevitable that
many variables will, on occasion, show up as contributing in a statistically significant way to
the explained gap. However, the three factors which show up most consistently are the age of
the principal carer, equivalised household income and the number of childrens books in the
house, with the latter two factors accounting for around 50% of the explained gap. As ever
with decompositions of this nature it is important to be aware of issues regarding the
direction of causality. Thus it is possible that having a large number of books available in a
house improves a child’s reading. However, it is also possible that the presence of such a
large number of books reflects a child’s innate interest in and/or aptitude for reading.
However, given that an association has been found in other studies between the number of
adult books in a house and child educational outcomes it seems likely that at least some of
this association reflects a causal effect, in the sense that the number of books reflects what
Evans et al (2010) refer to as the degree of “family scholarly culture” present in a house.® In

the case of principal carer’s age and equivalised income, reverse causality with child test

¥ It is also interesting to note that books do not appear to have a greater impact when the principal carer has a
higher level of education. The inclusion of an interaction term between books and education is insignificant for
maths scores and is barely significant (p value of 0.072) and with a small coefficient for reading scores.



scores at age nine seems less plausible and so the association we find here in all probability is

capturing some causal effect.

Thus, probably the most implementable policy implication appears to be greater access to
availability of reading material (or perhaps other educational material or dimensions of
scholarly culture). This could be achieved direct provision of books, perhaps through the

schooling system, or via a public library system.

The other two consistently significant factors, age of principal carer and income, are less
directly amenable to policy intervention. A role for income may reflect an inability to
acquire educational resources (apart from books) which might influence test scores. It is
possible that current subsidies and grants which assist parents in purchasing educational

resources may need to be reviewed.

The role of income also suggests intergenerational forces that may be at work to acerbate
inequalities. If test scores are influenced by family income, then, assuming that such test
scores are good predictors of income for the next generation, this will act as an impediment
for children from poorer backgrounds in having high incomes later in life. Exploration of
interaction between income and education also suggests that the effect of income on test
scores may be greater when the principal carer has lower levels of education, suggesting that
policies to reduce income inequality for this generation may have positive implications for

the next generation.

Age of principal carer also has a positive effect on tests scores. This is after controlling for
income, education, lone parent status and the presence of younger and older siblings, all
factors which might be expected to be correlated with age. Thus this positive effect may
simply reflect the fact that older parents have a greater set of parenting skills and experience.
Whilst not directly open to policy intervention it suggests that there are some positive returns
(in terms of childhood educational outcomes) to delaying having children. Note that while it
might be expected that maternal age will be positively correlated with level of education, a

general regression of the whole sample shows independent effects for both age and education.

Are there any general observations which can be made regarding the unexplained part of the
gap? Unlike the case of the explained portion where variables such as income and the
number of books consistently appeared as statistically significant explanatory variables, there

appears to be little such pattern in the unexplained component.



5. Discussion and Conclusion

This paper has examined inequality of opportunity in education outcomes for nine-year olds
in Ireland via quantile decompositions. Four “types” were identified (via the level of
maternal education) and pairwise decompositions were carried out at selected quantiles. By
carrying out the decompositions at quantiles it was possible to invoke the Romer
identification assumption and essentially control for the level of effort. Consistent with the
inequality of opportunity approach, each type reflected a circumstance which was outside the

control of the nine year olds i.e. their mothers education level.

The principal advantage of approaching inequality of opportunity from this perspective is that
the detailed decomposition provides some evidence of the characteristics associated with
each type which appear to explain (part of) the gap in test scores. The results here suggest a
consistent role for the number of books in a house, income and maternal age. While it may
be difficult to directly affect the latter factor, policy initiatives to address the number of books
available to a child, and indeed the resources in a household which support education in

general, may be worth considering.

In our discussion of policy conclusions, we have essentially been assuming, in line with most
of the inequality of opportunity literature, that type is exogenous. This is also typically the
case in decomposition exercises where the population is usually partitioned along a
dimension which is considered exogenous, such as race or gender. While type is clearly
beyond the control of the study children, it is a choice variable to some degree for the
mothers (although it is likely to be a choice made before they have children and it is arguable
that the future implications for children’s education achievements may not be a major factor
in education decisions which are made during teen years). Nevertheless, as a general policy
it could be reasonably expected that greater equality of education level amongst mothers

would lead to a reduction in inequality of opportunity.

This argument could be made for other applications in the inequality of opportunity literature
where type is defined by parental education (e.g. Checci and Peragine, 2010). However, it

seems reasonable that such a policy should be viewed as more long-term. Given existing



differences in type, the decompositions here do provide a menu of other policies which could

address inequality of education.



Table 1: Principal Carers’ Education

Education Level Principal Carer (%)
Primary/Lower Secondary 29.4
Complete Secondary 37.3
Post School, non-degree 16.2
Primary Degree 17.1
Total 100

Table 2: Summary Drumcondra Logit Scores by Gender (standard deviation in

brackets)
Total Female Male
Maths -0.759 (0.933) -0.822 (0.879) -0.699 (0.979)
Reading 0.012 (0.994) 0.015 (0.965) 0.009 (1.020)

Table 3: Mean Scores by Type (SD in brackets)

Maths

Reading

Primary/ Low Sec

“1.121 (0.913)

20.355 (0.967)

Complete Secondary

20.707 (0.897)

0.009 (0.948)

Non-Degree

20.616 (0.898)

0.169 (0.970)

Primary Degree

20.385 (0.870)

0.500 (0.907)




Table 4: Quantile Decompositions, Maths

Quantile Total Gap Explained Unexplained | Income Books

Types 4 and 3

10 0.316371 0.121592 0.194778 0.011188 0.018769
25 0.263893 0.123772 0.140122 0.047185 0.017767
50 0.223841 0.131546 0.092295 0.043952 0.029458
75 0.219252 0.073712 0.145539 0.034666 0.019337
90 0.209648 0.075267 0.134381 0.020713 0.026487
Mean 0.230924 0.113281 0.117643 0.025697 0.024672
Types 4 and 2

10 0.385987 0.195218 0.190769 0.018127 0.036272
25 0.358377 0.181266 0.177111 0.076453 0.034336
50 0.308087 0.200023 0.108064 0.071391 0.056709
75 0.323783 0.102023 0.22176 0.056168 0.037371
90 0.308424 0.08301 0.225415 0.033561 0.051189
Mean 0.321671 0.16148 0.160191 0.038769 0.046799
Types 4 and 1

10 0.801942 0.417852 0.38409 0.031209 0.071257
25 0.765347 0.351643 0.413704 0.131627 0.067454
50 0.717626 0.393431 0.324195 0.122912 0.111406
75 0.725712 0.208648 0.517064 0.096704 0.073415
90 0.646481 0.215002 0.431479 0.057781 0.100561
Mean 0.736536 0.360536 0.376 0.073321 0.102906




Table 4: Quantile Decompositions, Maths (contd)

Quantile Total Gap Explained Unexplained | Income Books

Types 3and 2

10 0.069616 0.060214 0.009402 0.034274 0.021818
25 0.094484 0.034984 0.059499 0.019946 0.013805
50 0.084246 0.063952 0.020294 0.029507 0.022284
75 0.104532 0.044435 0.060096 0.025029 0.012648
90 0.098777 0.039798 0.058979 0.02631 0.013289
Mean 0.090747 0.029998 0.060749 0.018391 0.013485
Types 3and 1

10 0.485571 0.215034 0.270537 0.098887 0.065427
25 0.501453 0.146611 0.354843 0.057549 0.041398
50 0.493785 0.221803 0.271982 0.085134 0.066824
75 0.506461 0.208637 0.297824 0.072214 0.037929
90 0.436833 0.194179 0.242654 0.07591 0.03985
Mean 0.505612 0.173576 0.332035 0.067002 0.04768
Types 2 and 1

10 0.415955 0.128277 0.287679 0.015287 0.026154
25 0.40697 0.145039 0.261931 0.041215 0.036542
50 0.409539 0.15383 0.255709 0.046599 0.030256
75 0.401929 0.149464 0.252465 0.068675 0.015715
90 0.338056 0.166827 0.171229 0.041274 0.020935
Mean 0.414865 0.161981 0.252884 0.045702 0.0325




Table 5: Quantile Decompositions, Reading

Quantile Total Gap Explained Unexplained | Income Books

Types 4 and 3

10 0.349558 0.21985 0.129708 0.054855 0.050832
25 0.390982 0.169928 0.221055 0.03771 0.044337
50 0.401365 0.164161 0.237204 0.030105 0.038193
75 0.317506 0.119641 0.197865 0.035343 0.029342
90 0.222055 0.103567 0.118487 0.040919 0.023744
Mean 0.331401 0.136642 0.194759 0.028593 0.036185
Types 4 and 2

10 0.484671 0.329977 0.154695 0.088879 0.098237
25 0.51089 0.259682 0.251208 0.0611 0.085685
50 0.539758 0.245354 0.294404 0.04868 0.073933
75 0.470829 0.186957 0.283873 0.057265 0.056706
90 0.377118 0.166004 0.211114 0.0663 0.045887
Mean 0.490733 0.197498 0.293235 0.043138 0.068636
Types 4 and 1

10 0.797999 0.630695 0.167304 0.153022 0.192989
25 0.898675 0.484331 0.414344 0.105194 0.16833
50 0.905551 0.446244 0.459307 0.083811 0.145242
75 0.784948 0.331619 0.453328 0.098592 0.111401
90 0.657412 0.28553 0.371882 0.114148 0.090146
Mean 0.855762 0.391523 0.464239 0.081586 0.150922




Table 5: Quantile Decompositions, Reading (contd)

Quantile Total Gap Explained Unexplained | Income Books

Types 3and 2

10 0.135113 0.083168 0.051946 0.052648 0.036751
25 0.119907 0.081375 0.038532 0.031456 0.036345
50 0.138393 0.070994 0.067399 0.022152 0.037156
75 0.153323 0.061289 0.092034 0.017709 0.042286
90 0.155064 0.038311 0.116753 0.007734 0.029995
Mean 0.159332 0.064959 0.094373 0.014177 0.037645
Types 3and 1

10 0.448441 0.301258 0.147183 0.151899 0.110206
25 0.507693 0.318503 0.189189 0.090757 0.108991
50 0.504186 0.293933 0.210253 0.063912 0.111422
75 0.467441 0.254072 0.213369 0.051095 0.126805
90 0.435357 0.156405 0.278953 0.022314 0.089948
Mean 0.524361 0.276863 0.247498 0.051651 0.1331
Types 2 and 1

10 0.313328 0.146747 0.166581 0.061808 0.038402
25 0.387785 0.168397 0.219389 0.080917 0.043775
50 0.365793 0.215713 0.15008 0.082465 0.056728
75 0.314118 0.221066 0.093052 0.076889 0.072926
90 0.280293 0.176646 0.103647 0.038596 0.050403
Mean 0.365029 0.208767 0.156262 0.072417 0.059149
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Figure 2a: Kernel Density Maths Scores by Education
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Figure 2b: Kernel Density Reading Scores by Education
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Figure 3a: CDFs Maths Scores by Education
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Figure 3b: CDFs Reading Scores by Education
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Figure 4a: Quantile Decompositions, Groups 4 and 3, Maths
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Figure 4b, Quantile Decompositions, Groups 4 and 2, Maths
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Figure 4c: Quantile Decompositions, Groups 4 and 1, Maths
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Figure 4e: Quantile Decompositions, Groups 3 and 1, Maths
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Figure 4f: Quantile Decompositions, Groups 2 and 1, Maths
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Figure 5a: Quantile Decompositions, Groups 4 and 3, Reading
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Figure 5¢: Quantile Decompositions, Groups 4 and 1, Reading
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Figure 5d, Quantile Decompositions, Groups 3 and 2, Reading
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Figure 5e: Quantile Decompositions, Groups 3 and 1, Reading
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Figure 5f: Quantile Decompositions, Groups 2 and 1, Reading
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Appendix Table 1 — Definition of Variables

Variable Definition

Age Age of principal carer of study child

Birthweight Study child’s birthweight in kg

Earlybirth 0/1 variable, takes value of 1 if study child
born at 32 weeks or earlier.

Smoker 0/1 variable, takes value of 1 if principal
carer is current smoker

Pregsmoker 0/1 variable, takes value of 1 if principal
carer was daily smoker during pregnancy

Pregdrinker 0/1 variable, takes value of 1 if principal
carer drank weekly or more during pregnancy

Breastfed 0/1 variable, takes value of 1 if study child
was ever breastfed

Illness 0/1 variable, takes value of 1 if study child

has ongoing chronic illness

Income Decile

Equivalised Household Annual Income
Decile, value of 1 for lowest, 2 for second
lowest etc

Mumbhealthy

0/1 variable, takes on 1 if self-assessed health
of principal carer is excellent, very good or
good.

Trauma

Sum of answers to 0/1 questions relating to
whether study child experienced a range of
traumas including death of parent/close
relative, divorce/separation of parents,
serious injury of family member, drug-
taking/alcoholism in immediate family etc

Books

Categorical (1-5) response to question of
number of childrens books which study child
has access to in home

Local 1

Sum of answers to categorical (1-5) questions
regarding quality of local area in terms of
litter, vandalism, drug-taking etc

Local2

Sum of answers to categorical (1-5) questions
regarding how safe for children to play in
area etc




Working

0/1 wvariable relating to whether or not
principal carer is working or not

Sizeclass

Total number of children in study child’s
class, numeric ranging from 13 to 36

Par teacher

0/1 wvariable relating to whether parent
attends parent-teacher meeting

Engage

Variable reflecting teachers engagement with
class in terms of monitoring progress,
variable is the sum of 5 0/1 questions, with
weekly monitoring taking value of 1, less
frequent monitoring taking value of 0

texperience

Numeric variable, number of years teacher
has been teaching at primary level

qual

Numeric variable reflecting quality of school
facilities (based on response of principal) —
school principal asked 17 questions regarding
school quality. Variable is sum of
“excellent” responses, ranging from 0 to 17

School size

Ordinal numeric variable (1-10) reflecting
size of school, ranging from 1-80 pupils to
>400




Table A2: Detailed Quantile Decomposition, Maths, Groups 4 and 3

Pred (4) -0.940 -0.351 0.2507
Pred (3) -1.204"" -0.575 0.0314
Gap 0264 0224 02193
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age 0.0213 -0.0117 0.02917 0.0522 0.0228" -0.3199
birthwgt 0.0005 -0.0925 0.0004 -0.3992 0.0004 -0.1159
earlybirth 0.0010 -0.0017 0.0022 -0.0084 0.0010 -0.0021
smoker 0.0134 -0.0385 0.0064 -0.0036 0.0085 0.0051
pregsmoker | 0.0016 -0.0037 0.0040 -0.0178 0.0021 0.0006
pregdrinker |  0.0006 0.0043 0.0007 0.0059 0.0003 0.0056
breastfed 0.0318" | 0.1375" 0.0283" 0.0935" 0.0167 0.0541
illness 0.0010 0.0097 0.0011 -0.0078 0.0007 -0.0067
logeginc 0.0472"" 0.6833 0.044177 | -0.1596 0.0347" -0.2586
mumhealthy |  0.0009 0.0787 0.0006 -0.0095 0.0002 -0.0431
trauma -0.0008 -0.0806 -0.0007 -0.0797 -0.0011 -0.0355
books 0.0178° 0.0634 0.0293"" 0.1165 0.0193" 0.1234
locall 0.0051 0.3504 0.0036 -0.0043 -0.0018 -0.0548
local2 0.0028 0.0093 0.0008 0.1886 0.0024 0.0573
working -0.0179" -0.0693 -0.01417 -0.0612 | -0.0264 | -0.1841"
sizeclass -0.0056 | -0.7369"" | -0.0022 -0.2209 -0.0017 -0.0059
par_teacher | 0.0003 -0.0126 0.0000 -0.0355 0.0018 0.0822
engage 0.0004 0.1898 0.0011 0.1528 0.0016 0.0282
texperience | -0.0015 0.0390 -0.0008 -0.0361 -0.0004 -0.0941°
qual 0.0034 0.0155 0.0025 -0.0102 -0.0001 -0.0041
schoolsize -0.0010 -0.0062 -0.0030 -0.0031 -0.0046 0.0092
youngsib 0.0023 -0.0436 -0.0028 -0.0931" -0.0013 -0.0007
oldsib 0.0006 0.0452 -0.0000 -0.0150 -0.0000 -0.0048
Partner -0.0014 -0.2412 0.0005 0.0353 -0.0012 -0.1946
Constant -0.1473 0.6130 1.1046
Total 0.1247" 0.1407" [0.1317 0.0927° [0.0737" 0.1455

#x% p<().01, ** p<0.05, * p<0.1




Table A3: Detailed Quantile Decomposition, Maths, Groups 4 and 2

Pred (4) -0.9403 -0.3513 0.2507
Pred (2) -1.2987 -0.6594 -0.0731"
Gap 0.3584 03081 0.3238
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age 0.0195 -0.2934 0.0266 -0.1522 0.0208" -0.6752
birthwgt 0.0014 0.0960 0.0011 -0.0679 0.0012 -0.0713
earlybirth 0.0011 0.0015 0.0024 -0.0035 0.0011 0.0015
smoker 0.0186 -0.0468 0.0088 -0.0181 0.0118 -0.0217
pregsmoker | 0.0025 -0.0012 0.0065 -0.0120 0.0035 -0.0084
pregdrinker |  0.0007 0.0051 0.0009 0.0062 0.0004 -0.0004
breastfed 0.0622" 0.0736 0.0555" 0.0546 0.0327 0.0112
illness 0.0012 0.0170 0.0013 0.0087 0.0008 -0.0013
logeginc 0.0765 0.5354 0.0714™ 0.1888 0.0562" -1.0793
mumhealthy | 0.0018 0.0683 0.0013 0.1522 0.0003 0.1299
trauma -0.0041 -0.0294 -0.0034 -0.0186 -0.0056 -0.0077
books 0.0343" -0.0376 0.0567 0.2680 0.0374" 0.2229
locall 0.0066 0.1772 0.0047 -0.0161 -0.0024 -0.3169
local2 0.0027 -0.0017 0.0007 0.0868 0.0023 0.0133
working -0.0372" -0.0729 -0.0293" -0.0566 | -0.0550" | -0.0930"
sizeclass -0.0073" | -0.5746" | -0.0029 -0.2749 -0.0023 -0.2880
par_teacher | 0.0000 -0.0068 0.0000 -0.0347 0.0002 0.2440°
engage 0.0004 0.0245 0.0013 0.1020 0.0020 0.1817
texperience | -0.0040 0.0115 -0.0021 -0.0074 -0.0011 -0.0116
qual 0.0043 0.0291 0.0032 -0.0054 -0.0002 0.0217
schoolsize 0.0004 -0.0044 0.0013 0.0048 0.0020 0.0117
youngsib 0.0054 -0.0183 -0.0066 -0.0619 -0.0031 -0.0441
oldsib -0.0047 0.0304 0.0000 0.0175 0.0002 0.0340
Partner -0.0013 -0.1730 0.0005 -0.0331 -0.0012 -0.0032
Constant 0.3675 -0.0193 1.9718
Total 0.1813°7 | 0.17717 ]0.2000" 0.1081° [ 0.1020" 02218

#x% p<().01, ** p<0.05, * p<0.1




Table A4: Detailed Quantile Decomposition, Maths, Groups 4 and 1

Pred (4) -0.9403 -0.3513 0.2507
Pred (1) -1.7057" -1.0690" 047517
Gap 0.7653 0.7176 0.7257
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age 0.0311 0.2089 0.0425" 0.0448 0.0333" -0.0302
birthwgt 0.0084 0.0017 0.0067 0.3188 0.0070 0.3222
earlybirth 0.0034 -0.0025 0.0075 -0.0069 0.0035 0.0002
smoker 0.0547 -0.1144° 0.0259 -0.0462 0.0347 -0.0505
pregsmoker | 0.0079 0.0540 0.0202 0.0155 0.0108 0.0107
pregdrinker | -0.0007 -0.0014 -0.0009 0.0001 -0.0004 -0.0012
breastfed 0.0969" 0.0433 0.0864" 0.0258 0.0509 -0.0075
illness 0.0050 0.0079 0.0054 -0.0068 0.0034 0.0025
logeginc 0.1316 0.1998 0.1229™ 0.8419 0.0967" 0.4619
mumhealthy |  0.0098 0.0529 0.0071 0.0802 0.0018 0.0168
trauma -0.0021 -0.0844 -0.0017 -0.0160 -0.0029 -0.0511
books 0.0675 -0.1927 0.11147" 0.2795 0.0734" 0.1792
locall 0.0246 -0.0951 0.0174 0.0458 -0.0089 -0.3051
local2 0.0045 -0.1542 0.0012 -0.0633 0.0038 0.0093
working -0.0588" -0.0587 -0.0463° | -0.0755 | -0.0869 | -0.0715
sizeclass -0.03007 | -0.5553" -0.0119 -0.3780" -0.0094 -0.2219
par_teacher | 0.0012 -0.0975 0.0001 -0.0984 0.0070 0.1398
engage 0.0003 -0.0913 0.0008 -0.0351 0.0012 0.0596
texperience 0.0018 0.0522 0.0010 0.0089 0.0005 0.0024
qual 0.0064 0.0003 0.0048 -0.0065 -0.0002 -0.0155
schoolsize -0.0002 0.0049 -0.0006 0.0038 -0.0010 0.0098
youngsib 0.0073 0.0308 -0.0091 -0.0116 -0.0042 -0.0128
oldsib -0.0123 0.1035 0.0001 0.0335 0.0004 0.0893
Partner -0.0066 -0.1940 0.0026 -0.0116 -0.0058 -0.0812
Constant 1.2952 -0.6185 0.0618
Total 03516 | 04137 ]0.39347" 0324277 [ 0.2086 " 05171

#x% p<().01, ** p<0.05, * p<0.1




Table A5: Detailed Quantile Decomposition, Maths, Groups 3 and 2

q25) q(50) _ q(75)

Pred (3) -1.2042 -0.5752 0.0314
Pred (2) -1.2987 -0.6594 -0.0731"
Gap 0.0945" 0.0842" 0.1045"

Explained | Unexp. Explained | Unexp. Explained | Unexp.
age -0.0018 -0.2817 -0.0023 -0.2045 -0.0030 -0.3541
birthwgt 0.0013 0.1882 0.0021 0.3299 0.0012 0.0442
earlybirth 0.0000 0.0033 -0.0001 0.0053 0.0000 0.0037
smoker -0.0013 -0.0019 0.0018 -0.0140 0.0041 -0.0277
pregsmoker | -0.0002 0.0038 -0.0033 0.0117 0.0016 -0.0092
pregdrinker | -0.0000 0.0010 -0.0001 0.0006 -0.0002 -0.0058
breastfed -0.0065 -0.0270 0.0020 -0.0138 0.0015 -0.0283
illness 0.0004 0.0071 0.0000 0.0167 -0.0000 0.0055
logeginc 0.0199" -0.1385 0.0295" 0.3463 0.0250" -0.8243
mumhealthy | 0.0003 -0.0098 0.0008 0.1616 0.0005 0.1727
trauma 0.0035 0.0444 0.0041 0.0544 -0.0015 0.0248
books 0.0138 -0.0981 0.0223" 0.1566 0.0126 0.1049
locall -0.0004 -0.1713 0.0011 -0.0118 -0.0002 -0.2624
local2 -0.0001 -0.0109 -0.0003 -0.1015 -0.0002 -0.0439
working -0.0061 -0.0168 -0.0035 -0.0071 0.0067 0.0559
sizeclass 0.0015 0.1591 0.0003 -0.0550 -0.0005 -0.2821
par_teacher | -0.0004 0.0059 -0.0004 0.0012 -0.0007 0.1609
engage -0.0004 -0.1649 -0.0001 -0.0504 0.0003 0.1536
texperience | -0.0014 -0.0285 -0.0024 0.0297 -0.0033 0.0852
qual 0.0004 0.0141 0.0009 0.0045 0.0001 0.0257
schoolsize 0.0040 -0.0008 0.0056 0.0066 0.0027 0.0064
youngsib 0.0085" 0.0199 0.0076 0.0197 -0.0017 -0.0434
oldsib 0.0001 -0.0202 -0.0018 0.0344 -0.0004 0.0394
Partner -0.0001 0.0684 0.0000 -0.0685 -0.0001 0.1915
Constant 0.5147 -0.6323 0.8672
Total 0.0350" 0.0595 |0.0640" 0.0203 | 0.0444" 0.0601

#x% p<().01, ** p<0.05, * p<0.1




Table A6: Detailed Quantile Decomposition, Maths, Groups 3 and 1

q25) q(50) _ q(75)

Pred (3) -1.2042 -0.5752 0.0314

Pred (1) 17057 -1.0690"" 04751

Gap 0.5015 0.4938" 0.5065

Explained | Unexp. Explained | Unexp. Explained | Unexp.

age 0.0101 0.2204 0.0124" -0.0063 0.0166" 0.2836
birthwgt 0.0106" 0.0914 0.0180" | 0.7063" 0.0100 0.4347
earlybirth 0.0010 0.0006 -0.0019 0.0087 0.0007 0.0042
smoker -0.0103 -0.0244 0.0147 -0.0378 0.0330 -0.0625
pregsmoker | -0.0015 0.0656 -0.0212 0.0708 0.0100 0.0088
pregdrinker |  0.0003 -0.0073 0.0007 -0.0080 0.0015 -0.0089
breastfed -0.0139 -0.0152 0.0043 -0.0140 0.0031 -0.0305
illness 0.0086 -0.0065 0.0006 0.0047 -0.0005 0.0125
logeginc 0.0575" -0.4566 0.0851" 0.9953 0.0722" 0.7103
mumhealthy |  0.0032 -0.0200 0.0072 0.0890 0.0048 0.0567
trauma 0.0014 -0.0064 0.0016 0.0611 -0.0006 -0.0168
books 0.0414" -0.2478 | 0.0668 0.1783 0.0379" 0.0719
locall -0.0050 | -0.4210" 0.0141 0.0498 -0.0032 -0.2541
local? 0.0019 -0.1637 0.0044 -0.2558 0.0026 -0.0492
working -0.0128 -0.0175 -0.0074 -0.0392 0.0141 0.0379
sizeclass 0.0207" 0.1365 0.0039 -0.1707 -0.0073 -0.2164
par_teacher | 0.0013 -0.0854 0.0013 -0.0641 0.0023 0.0604
engage 0.0005 -0.2817 0.0002 -0.1884 -0.0004 0.0313
texperience 0.0019 0.0146 0.0031 0.0437 0.0044 0.0931
qual 0.0014 -0.0136 0.0033 0.0026 0.0003 -0.0119
schoolsize 0.0022 0.0098 0.0031 0.0062 0.0015 0.0027
youngsib 0.0138" 0.0656 0.0124 0.0628 -0.0028 -0.0122
oldsib 0.0003 0.0450 -0.0043 0.0530 -0.0010 0.0955
Partner 0.0120 0.0299 -0.0005 -0.0443 0.0093 0.0995
Constant 1.4424 -1.2315 -1.0428
Total 0.1466 | 03548 [0.2218" 027207 02086  ]0.2978"

#x% p<().01, ** p<0.05, * p<0.1




Table A7: Detailed Quantile Decomposition, Maths, Groups 2 and 1

q25) q(50) _ q(75) _
Pred (2) -1.2987 -0.6594 -0.0731
Pred (1) 17057 -1.0690 047517
Gap 0.4070 0.4095 04019

Explained | Unexp. Explained | Unexp. Explained | Unexp.

age 0.0182" 0.4957 0.0193" 0.1936 0.0275"" 0.6298
birthwgt 0.0044 -0.0918 0.0073 0.3850 0.0076 0.3917
earlybirth 0.0035 -0.0053 0.0023 -0.0007 0.0035 -0.0024
smoker -0.0109 -0.0206 -0.0011 -0.0098 0.0011 -0.0071
pregsmoker | 0.0038 0.0567 -0.0023 0.0435 -0.0039 0.0304
pregdrinker |  0.0008 -0.0087 0.0010 -0.0089 -0.0009 -0.0006
breastfed 0.0039 0.0005 0.0081 -0.0060 0.0135 -0.0141
illness 0.0114" -0.0168 0.0080" -0.0194 0.0020 0.0044
logeginc 0.0412" -0.3217 0.0466 0.6580 0.0687 1.5131
mumhealthy |  0.0035 -0.0108 -0.0042 -0.0620 -0.0071 -0.1046
trauma 0.0003 -0.0533 0.0006 0.0036 0.0023 -0.0429
books 0.0365 | -0.1586 | 0.0303"" 0.0359 0.0157 -0.0234
locall 0.0065 -0.2608 0.0138 0.0608 0.0140 -0.0087
local? 0.0018 -0.1525 0.0024 -0.1520 0.0018 -0.0043
working -0.0023 -0.0051 -0.0020 -0.0339 -0.0073 -0.0032
sizeclass 0.0101 -0.0135 0.0068 -0.1189 0.0093 0.0496
par_teacher | 0.0015 -0.0910 0.0016 -0.0653 -0.0041 -0.0933
engage -0.0000 -0.1159 0.0000 -0.1377 0.0002 -0.1231
texperience 0.0051 0.0413 0.0036 0.0158 0.0024 0.0132
qual -0.0001 -0.0267 0.0020 -0.0015 -0.0017 -0.0356
schoolsize -0.0021 0.0108 -0.0004 -0.0025 0.0008 -0.0058
youngsib 0.0036 0.0475 0.0031 0.0448 0.0028 0.0274
oldsib -0.0029 0.0684 0.0028 0.0133 0.0055 0.0501
Partner 0.0072 -0.0335 0.0044 0.0192 -0.0044 -0.0782
Constant 0.9277 -0.5992 -1.9100
Total 0.14507° | 0.26197" |0.1538" 02557 [0.1495" ]0.2525

#x% p<().01, ** p<0.05, * p<0.1




Table A8: Detailed Quantile Decomposition, Reading, Groups 4 and 3

Pred (4) -0.0704 0.6142 1.1880

Pred (3) 04614 02128 0.8705

Gap 03910 04014 03175

Explained | Unexp. Explained | Unexp. Explained | Unexp.

age 0.0512° | -0.4336 | 0.0685 0.3510 0.0436" | -0.4005
birthwgt 0.0008 -0.1874 0.0007 0.0701 0.0003 -0.1580
earlybirth 0.0005 -0.0011 0.0011 -0.0061 -0.0002 -0.0033
smoker 0.0058 -0.0264 0.0106 -0.0247 0.0020 0.0168
pregsmoker | -0.0008 0.0106 -0.0023 0.0117 0.0075 -0.0167
pregdrinker |  0.0003 -0.0022 -0.0003 -0.0060 0.0004 -0.0001
breastfed 0.0288" 0.1044 0.0250" 0.0745 0.0185" 0.0989"
illness 0.0015 0.0136 0.0019 -0.0089 0.0013 0.0066
logeginc 0.0377" -0.5913 0.0300" -0.2578 | 0.0353" 0.3088
mumhealthy |  0.0004 -0.1051 -0.0005 -0.3680" -0.0006 -0.1819
trauma -0.0006 -0.0252 -0.0004 -0.0555 -0.0003 -0.0490
books 0.0443"" 0.1147 0.0383" | -0.0339 0.0293"" -0.3420
locall -0.0021 -0.0537 -0.0012 -0.2145 -0.0032 -0.1034
local2 0.0040 -0.0134 0.0012 0.1684 -0.0009 0.2226
working -0.0086 -0.0547 -0.0129 -0.0531 -0.0094 -0.0173
sizeclass 0.0010 -0.0427 -0.0027 -0.3468 -0.0029 -0.3137
par_teacher | 0.0029 0.1241 0.0001 -0.0599 0.0006 0.0631
engage 0.0010 0.0336 0.0006 0.0749 0.0000 -0.0685
texperience | -0.0002 -0.0395 0.0005 -0.0659 -0.0001 -0.0130
qual 0.0036 0.0173 0.0066 0.0507 0.0017 -0.0191
schoolsize -0.0042 0.0139 -0.0043 0.0168 -0.0033 0.0033
youngsib 0.0029 -0.0203 0.0027 0.0453 0.0014 0.0512
oldsib -0.0002 0.0650 -0.0011 0.0091 -0.0006 0.0794
Partner -0.0003 0.0248 0.0022 0.1401 -0.0010 -0.0179
Constant 1.2958 0.7256 1.0516
Total 0.16997 | 022117 [0.1644 023707 0.1196"  ]0.1979"

#x% p<().01, ** p<0.05, * p<0.1




Table A9: Detailed Quantile Decomposition, Reading, Groups 4 and 2

Pred (4) -0.0704 0.6142 1.1880
Pred (2) -0.5813"" 0.0744" 0.7172""
Gap 0.5109" 0.5398 0.4708
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age 0.0468 0.0678 0.0627 0.2985 0.0399"" | -0.7599"
birthwgt 0.0024 0.3501 0.0020 0.3198 0.0008 -0.1999
earlybirth 0.0005 0.0052 0.0012 0.0017 -0.0002 0.0043
smoker 0.0080 0.0034 0.0146 -0.0239 0.0027 0.0077
pregsmoker | -0.0014 -0.0088 -0.0037 0.0033 0.0123 -0.0339
pregdrinker |  0.0004 0.0029 -0.0003 -0.0007 0.0004 0.0020
breastfed 0.0565" 0.0616 0.0490° 0.0234 0.0362° -0.0051
illness 0.0018 -0.0029 0.0022 -0.0043 0.0016 -0.0102
logeginc 0.0611" -1.4123 0.0487" -1.8155° | 0.05737 | -1.3640
mumhealthy |  0.0008 0.1926 -0.0010 0.0020 -0.0013 -0.0110
trauma -0.0029 0.0073 -0.0019 0.0139 -0.0013 -0.0115
books 0.0857 | 0.4263 0.0739"" 0.1599 0.0567 -0.1999
locall -0.0027 -0.0015 -0.0015 -0.0701 -0.0042 -0.1333
local2 0.0039 0.0644 0.0012 0.1300 -0.0008 0.1514
working -0.0179 -0.0152 -0.0269 -0.0380 -0.0196 -0.0100
sizeclass 0.0014 0.0784 -0.0035 -0.2954 -0.0038 -0.1672
par_teacher | 0.0003 0.1713 0.0000 -0.0618 0.0001 0.0433
engage 0.0012 0.1063 0.0007 0.0527 0.0000 0.0596
texperience | -0.0006 -0.0318 0.0015 -0.0735 -0.0001 -0.0363
qual 0.0045 0.0126 0.0082° 0.0592° 0.0021 -0.0060
schoolsize 0.0018 0.0113 0.0019 0.0051 0.0015 0.0084
youngsib 0.0069 -0.0207 0.0064 -0.0107 0.0033 -0.0274
oldsib 0.0014 0.0167 0.0079 0.0192 0.0042 0.1063"
Partner -0.0002 0.0609 0.0021 0.2293 -0.0009 0.1492
Constant 0.1053 1.3704 2.7274"
Total 02597 | 025127 [0.24547 02944 [ 0.1870"" 0.2839"

#x% p<().01, ** p<0.05, * p<0.1




Table A10: Detailed Quantile Decomposition, Reading, Groups 4 and 1

Pred (4) -0.0704 0.6142 1.1880
Pred (1) -0.9691" 02914 0.4030"
Gap 0.8987 0.9056 0.7849
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age 0.0748" 0.1800 0.10017 | 07247 | 0.0637 | -0.1967
birthwgt 0.0137° 0.2124 0.0118" 0.0751 0.0045 -0.1640
earlybirth 0.0016 0.0016 0.0038 -0.0025 -0.0006 0.0046
smoker 0.0236 -0.0432 0.0431 -0.0446 0.0081 0.0406
pregsmoker | -0.0043 0.0346 -0.0116 0.0264 0.0384 -0.0754
pregdrinker | -0.0004 -0.0049 0.0003 -0.0039 -0.0004 -0.0012
breastfed 0.0880° 0.0430 0.0763" 0.0155 0.0563" -0.0471
illness 0.0075 0.0182 0.0091 -0.0203 0.0066 -0.0140
logeginc 0.1052" 0.5423 0.0838" 0.0411 0.0986 1.1967
mumhealthy | 0.0041 -0.0947 -0.0056 -0.1154 -0.0067 -0.1072
trauma -0.0015 -0.0453 -0.0010 -0.0569 -0.0006 -0.0564
books 0.1683" 0.0548 0.1452"" 0.0762 0.11147 -0.1869
locall -0.0100 -0.4697" -0.0056 -0.2118 -0.0157 -0.1807
local2 0.0065 -0.1849 0.0020 -0.1675 -0.0014 -0.1224
working -0.0283 -0.0457 -0.0425 -0.0509 -0.0310 -0.1142"7
sizeclass 0.0057 0.1740 -0.0144 -0.1213 -0.0155 -0.2580
par_teacher | 0.0112" 0.1754 0.0003 -0.0078 0.0023 0.1493
engage 0.0007 -0.2529 0.0004 -0.2448 0.0000 -0.1536
texperience 0.0003 0.0255 -0.0007 -0.0328 0.0001 0.0158
qual 0.0067 0.0390 0.0123 0.0244 0.0032 -0.0037
schoolsize -0.0009 0.0182 -0.0009 0.0257 -0.0007 0.0095
youngsib 0.0095 0.0033 0.0087 0.0881" 0.0045 0.0587
oldsib 0.0037 0.1728 0.0209" 0.1041 0.0111 0.2005"
Partner -0.0012 0.0820 0.0105 -0.0182 -0.0047 -0.2345
Constant -0.2216 0.3565 0.6935
Total 0.48437 | 041437 [ 0.4462" 045937 [0.3316 0.4533"

#x% p<().01, ** p<0.05, * p<0.1




Table All: Detailed Quantile Decomposition, Reading, Groups 3 and 2

Pred (3) -0.4614 0.2128 0.8705
Pred (2) -0.5813"" 0.0744" 0.7172""
Gap 0.1199" 0.1384" 0.1533"
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age -0.0058 0.5029 -0.0046 -0.0537 -0.0051 -0.3581
birthwgt 0.0022 0.5368" 0.0011 0.2500 0.0011 -0.0425
earlybirth 0.0000 0.0064 -0.0001 0.0081 -0.0001 0.0078
smoker -0.0022 0.0343 -0.0001 0.0050 0.0036 -0.0119
pregsmoker | 0.0029 -0.0229 0.0024 -0.0122 -0.0007 -0.0117
pregdrinker |  0.0002 0.0050 0.0002 0.0050 0.0001 0.0021
breastfed -0.0004 -0.0148 0.0040 -0.0311 -0.0089 -0.0775
illness 0.0006 -0.0168 0.0001 0.0048 0.0004 -0.0170
logeginc 0.0315" -0.8291 0.0222" -1.5612 0.0177 -1.6686
mumhealthy | 0.0012 0.2968 0.0023 0.3672° 0.0008 0.1695
trauma -0.0002 0.0303 0.0032 0.0647 0.0031 0.0334
books 0.0363" 0.3166 0.0372"" 0.1923 0.0423"" 0.1271
locall -0.0003 0.0519 0.0008 0.1432 -0.0004 -0.0305
local2 -0.0002 0.0777 -0.0003 -0.0381 -0.0003 -0.0708
working 0.0012 0.0290 -0.0038 0.0049 -0.0069 0.0039
sizeclass 0.0005 0.1209 0.0007 0.0498 0.0005 0.1451
par_teacher | -0.0013 0.0459 -0.0007 -0.0013 0.0001 -0.0205
engage 0.0001 0.0729 -0.0001 -0.0220 0.0002 0.1280
texperience | -0.0015 0.0088 -0.0009 -0.0058 -0.0005 -0.0229
qual 0.0004 -0.0042 0.0002 0.0100 0.0010 0.0126
schoolsize 0.0002 0.0032 -0.0009 -0.0047 0.0033 0.0065
youngsib 0.0065 -0.0029 -0.0019 -0.0504 -0.0044 -0.0723
oldsib 0.0094 -0.0561 0.0101" 0.0091 0.0143" 0.0174
Partner 0.0000 0.0361 0.0000 0.0891 0.0000 0.1670
Constant -1.1905 0.6448 1.6758
Total 0.0814" 0.0385 | 0.0710° 0.0674 | 0.0613" 0.0920°

#x% p<().01, ** p<0.05, * p<0.1




Table A12: Detailed Quantile Decomposition, Reading, Groups 3 and 1

Pred (3) -0.4614 0.2128 0.8705
Pred (1) -0.9691" 02914 0.4030"
Gap 0.5077 0.5042" 0.4674
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age 0.0319" 0.6053 0.0250" 0.3803 0.0277" 0.1962
birthwgt 0.0184" 0.3943 0.0090 0.0071 0.0089 -0.0107
earlybirth 0.0002 0.0037 -0.0025 0.0089 -0.0033 0.0107
smoker -0.0176 0.0187 -0.0006 0.0132 0.0285 0.0014
pregsmoker | 0.0188 0.0018 0.0153 -0.0100 -0.0044 -0.0234
pregdrinker | -0.0015 -0.0018 -0.0017 0.0044 -0.0008 -0.0010
breastfed -0.0008 -0.0014 0.0085 -0.0162 -0.0190 | -0.0892"
illness 0.0124" -0.0019 0.0030 -0.0071 0.0084 -0.0238
logeginc 0.0908" 1.1103 0.0639" 0.2888 0.0511 0.9001
mumhealthy | 0.0114 0.0027 0.0218" 0.2257 0.0072 0.0614
trauma -0.0001 -0.0209 0.0012 -0.0033 0.0012 -0.0090
books 0.10907" | -0.0448 0.1114" 0.1057 0.1268" 0.1103
locall -0.0042 -0.4198 0.0105 -0.0123 -0.0052 -0.0846
local2 0.0022 0.1712 0.0043 -0.3394" 0.0041 -0.3496
working 0.0025 -0.0132 -0.0081 -0.0193 -0.0145 -0.1039"
sizeclass 0.0072 0.2141 0.0095 0.2042 0.0066 0.0365
par_teacher | 0.0040 0.0556 0.0023 0.0500 -0.0004 0.0884
engage -0.0002 -0.2866 0.0001 -0.3199" -0.0002 -0.0849
texperience 0.0019 0.0635 0.0012 0.0307 0.0006 0.0284
qual 0.0013 0.0235 0.0005 -0.0210 0.0035 0.0135
schoolsize 0.0001 0.0075 -0.0005 0.0127 0.0018 0.0070
youngsib 0.0106 0.0196 -0.0031 0.0520 -0.0071 0.0178
oldsib 0.0229" 0.0887 0.0246" 0.0924 0.0349" 0.0978
Partner -0.0027 0.0590 -0.0018 -0.1483 -0.0024 -0.2179
Constant -1.5174 -0.3691 0.2541 -0.3581
Total 03185 0.1892" [0.2939™ 02103 [ 025417 02134

#x% p<().01, ** p<0.05, * p<0.1




Table A13: Detailed Quantile Decomposition, Reading, Groups 2 and 1

Pred (2) -0.5813 0.0744 0.7172
Pred (1) -0.9691" 02914 0.4030"
Gap 0.3878 0.3658 03141
Explained | Unexp. Explained | Unexp. Explained | Unexp.
age 0.0264 0.1137 0.0307 0.4329 0.0408"" 0.5462
birthwgt 0.0022 -0.1286 0.0014 -0.2364 0.0089 0.0307
earlybirth 0.0052 -0.0077 0.0039 -0.0055 0.0029 -0.0031
smoker 0.0190 -0.0500 0.0045 0.0032 0.0130 0.0252
pregsmoker | -0.0148 0.0553 -0.0035 0.0187 -0.0193 0.0039
pregdrinker |  0.0005 -0.0091 0.0003 -0.0029 0.0000 -0.0041
breastfed 0.0057 0.0072 0.0175 0.0019 0.0223° -0.0441
illness 0.0044 0.0224 0.0050 -0.0140 0.0005 0.0008
logeginc 0.0809"" 1.9178 0.0825 " 1.8093 0.0769" | 2.5252°
mumhealthy | -0.0094 -0.2746 -0.0047 -0.1173 -0.0047 -0.0969
trauma 0.0018 -0.0530 0.0017 -0.0716 -0.0000 -0.0442
books 0.0438" | -03326" | 0.0567 | -0.0691 0.0729"" -0.0052
locall -0.0072 -0.4683 0.0004 -0.1463 -0.0029 -0.0561
local2 0.0041 -0.2507 0.0037 -0.3004" 0.0029 -0.2772
working -0.0064 -0.0346 -0.0056 -0.0229 -0.0087 -0.1068"
sizeclass -0.0002 0.1001 0.0060 0.1572 -0.0021 -0.1003
par_teacher | 0.0032 0.0118 0.0031 0.0513 0.0004 0.1080
engage 0.0001 -0.3598" 0.0000 -0.2978" 0.0003 -0.2136
texperience 0.0029 0.0553 0.0024 0.0361 0.0025 0.0498
qual 0.0013 0.0273 -0.0004 -0.0303 0.0015 0.0019
schoolsize 0.0010 0.0032 -0.0011 0.0189° 0.0006 -0.0016
youngsib 0.0044 0.0222 0.0033 0.0979° 0.0036 0.0836
oldsib 0.0049 0.1535 0.0159" 0.0819 0.0233" 0.0777
Partner -0.0054 0.0254 -0.0082 -0.2309" -0.0145 -0.3729"
Constant -0.3269 -1.0138 -2.0338
Total 0.16847 | 021947 [0.2157"" 0.15017 | 022117 0.0931

#x% p<().01, ** p<0.05, * p<0.1
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