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Good schools or good students? The importance of selectivity 
for school rankings
Aedín Dorisa, Donal O’Neill b,b and Olive Sweetmana

aDepartment of Economics, Maynooth University, Maynooth, Ireland; bDepartment of Economics, IZA, Bonn, 
Germany

ABSTRACT
This paper uses a rich set of student background characteristics to 
estimate the value added of second-level schools in Ireland. We 
show that there is a considerable degree of reranking of schools 
when we move from analysing raw outcomes to value added; in 
many cases the best performing schools in raw terms are not the 
best in value-added terms. We show that, contrary to popular 
perception, fee-paying schools do not add higher value than 
other schools. A simulation exercise suggests that if parents chose 
the best value-added school from among the set of feasible schools, 
then this reallocation of students has the potential to increase 
academic achievement substantially.

KEYWORDS 
School value added; school 
choice

1. Introduction

Choosing a good school for their child is a key decision for parents. In making their 
choice, parents often rely on outcomes such as the average exam performance of 
students in a school. However, when students non-randomly select into schools, such 
outcomes partly measure the prior ability or family background of the student body 
rather than the contribution of the school. In some countries, governments provide 
information on the value added of schools, taking account of compositional differ-
ences. However, others do not. For example, while the Irish government publishes 
inspection reports on individual schools, these are qualitative and there is no 
information on school rankings, either in terms of raw examination results or value 
added. In the absence of other information, newspapers produce ad hoc league 
tables based on progression to university. Despite their acknowledged shortcomings, 
these league tables are believed to affect parents’ choices. In this paper, we provide 
estimates of the value added of Irish second-level schools based on the results of 
a state examination taken by all students at age 15 and examine the implications of 
this for school choice.

The data we use allow us to control for a rich set of background characteristics, 
including information on non-cognitive skills, parental education, family structure, 
and prior achievement. The choice of control variables in a value-added model is the 
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focus of the literature on contextual and non-contextual value-added models. While 
non-contextual value-added (NCVA) models adjust only for prior attainment, contex-
tual value-added (CVA) models additionally control for a range of other socioeco-
nomic and demographic characteristics. Researchers further distinguish between 
pupil-level contextual variables such as age, gender, ethnicity and socioeconomic 
status and school-level contextual variables such as area deprivation indicators, 
school ethnic mix or average prior achievement. These latter controls measure 
factors that operate at the school level but are beyond the control of teachers or 
the school. Raudenbush and Willms (1995) argue that the choice of controls depends 
on the purpose of the value-added exercise; school-level factors should be included 
if the purpose is to hold schools accountable, whereas if the purpose is to inform 
parents on school choice, controlling only for student-level characteristics is 
preferred.

The Irish case is interesting because of the notable absence of information available 
to parents when choosing second-level schools. In contrast, Wilson et al. (2006) and 
Leckie and Goldstein (2017) document the detailed information available to parents in 
England when choosing a school. Since the early 1990s school league tables of student 
progress in state-funded secondary schools have been published. The measure of 
progress has changed over time. From 2006–2011 school league tables were con-
structed on the basis of CVA models, but in 2011 this was abandoned due to concerns 
that CVA encourages schools to set lower targets for disadvantaged students than for 
advantaged students with the same prior achievement. However, this view is chal-
lenged by Leckie and Goldstein (2017, 2019) who argue in favour of a CVA approach 
and conclude that accountability systems that ignore student background reward and 
punish the wrong schools (see also Dearden et al., 2011). The current system used in 
England, an NCVA approach called Progress 8, is evaluated in Prior et al. (2021). 
A student’s Progress 8 score is calculated as the difference between their attainment 
score at the end of KS4 (typically at age 16) and the average attainment of all pupils 
nationally with the same KS2 score (typically at age 11). The average scores of all 
schools are published online. In contrast, parents in Ireland are given almost no 
quantitative information on schools and must rely on league tables of schools’ higher 
education progression rates published in national newspapers, constructed using infor-
mation obtained from Higher Education institutions on the schools of origin of their 
first-year students. They are known to have serious limitations. Consequently, policies 
that improve information regarding school effectiveness are particularly relevant in 
Ireland.

We use a CVA approach to compare value added in Irish schools. While there are 
several papers explaining differences in academic outcomes across Irish schools (Cullinan 
et al., 2021; Pfeffermann & Landsman, 2011; Sofroniou et al., 2000; Weir & Kavanagh, 2018), 
measuring value added is not the focus of these papers. An exception is Smyth (1999), 
who estimates value added across a sample of Irish schools, However, prior achievement 
is measured at a time when students have already spent almost three years in the school. 
As noted by Smyth, to the extent that this measure is capturing some school effects, this 
approach will lead to an underestimate of school value added. In our data, prior achieve-
ment is measured before the students enter secondary school. We find that the variance 
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of value-added scores across schools is substantially lower than the variance of raw scores. 
Moreover, the ranking using value added differs substantially from that using raw exam-
ination scores.

Having obtained estimates of value added for each school, we then look at the factors 
associated with a school’s rank in raw scores and value added. We find that although 
school type is important in determining raw rank, it is unimportant for value-added rank. 
We also find that there are very few observable school characteristics that are correlated 
with value added, an exception being that schools with female principals have higher 
value added. Finally, our analysis suggests that if parents chose the best value-added 
school from among the set of feasible schools, then this reallocation of students could 
potentially increase academic achievement substantially.

2. Irish school system

There are three main categories of schools in Ireland: voluntary secondary schools; voca-
tional schools and community colleges; and community and comprehensive schools. About 
50% of schools are voluntary secondary schools and they account for almost 60% of 
students. These are schools that were established by religious orders and so are all denomi-
national. Traditionally, they were single-sex schools, but over the years about 40% have 
become mixed, often due to the amalgamation of the boys’ and girls’ school in an area.

About 46% of schools are vocational schools or community colleges, almost all of 
which are mixed. These schools, which cater for about a quarter of children, are run by 
area-based Education and Training Boards (ETBs) and are non-denominational. They were 
traditionally oriented towards technical and manual rather than academic education but 
that changed since the 1970s and they now provide a full range of academic subjects 
(Hannan & Boyle, 1987). Nevertheless, the perception that academically inclined and/or 
middle-class children attend secondary schools rather than vocational schools and com-
munity colleges persists to some extent. The remaining 2% of schools are comprehensive 
and community schools, which also tend to offer a wider range of subjects than secondary 
schools. They are denominational and mixed.

About 7% of Irish schools are fee-paying, which although not eligible for government 
capital funding, have the unusual feature that teachers’ salaries are predominantly state 
funded.1 For this reason, fees are relatively low by international standards, ranging from 
about €3,000 to €8,000 per annum.2

While there is variation in management structure across school types, individual schools 
have limited autonomy. For all schools, the Department of Education and Skills sets 
curricula, regulates the management, funding and staffing of schools, and centrally negoti-
ates teachers’ salary scales (Darmody & Smyth, 2013). However, there is no centralised 
system of allocation of children to schools. Schools set their own criteria, which can be 
based on location, religious denomination, or whether the child’s siblings or parents 
attended the school; academic performance may not be used as a criterion for admission.

To address educational disadvantage, the government operates a scheme designed to 
support schools with a high proportion of students from disadvantaged backgrounds, the 
DEIS (Delivering Equality of Opportunity In Schools) scheme. DEIS schools benefit from 
a slightly lower pupil-teacher ratio. About 27% of second-level schools are in the DEIS scheme.
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As well as the fee income received by fee-paying schools, other schools can solicit 
‘voluntary contributions’ from students’ parents, with varying amounts requested and 
varying degrees of persuasion applied. Thus, there may be differences in the resources 
available to schools.

Students typically enter second-level education at age 12 and all begin the three-year 
Junior Cycle. All students must study English, Irish, Maths and CSPE (Civic, Social & Political 
Education). Most students also take a foreign language, History, Geography and Science, 
and typically at least two other optional subjects, including everything from Ancient 
Greek to Woodwork. At the end of the Junior Cycle, at about age 15, they sit the Junior 
Certificate (JC), which entails a written state-wide examination in each of the 10–13 
subjects studied. They then enter the Senior Cycle, which takes a further two or three 
years. At the end of the Senior Cycle, students sit the Leaving Certificate (LC); the grades 
on this examination determine the higher education programme to which students are 
admitted. Schools are not involved in assessing their own students; both the JC and the LC 
are graded centrally following strict national guidelines.

Due to data availability, we use the JC examination scores in our analysis. Although this 
is a low-stakes exam compared to the LC, many students and parents take it seriously as it 
can determine what stream or class a student enters at Senior Cycle. The JC has the 
advantage over the LC of being available for students prior to the compulsory school 
leaving age. Smyth (1999), finds that performance in the JC is highly predictive of 
performance in the LC, with a correlation of 0.8 between the two

3. Methodology

There are a number of approaches to estimating the effectiveness of schools (Eyles et al., 
2016). A common approach to estimating value added, which we adopt, uses a regression 
to control for prior student achievement and other differences in observed characteristics 
across schools (Belfield et al., 2018; Cunha & Miller, 2014; Dearden et al., 2011; Ehlert et al., 
2014; Ladd & Walsh, 2002). We estimate the following regression model: 

Yi ¼ β0 þ β1Ai þ β2Xi þ
XS

s¼1
μsDis þ εi (1) 

where Yi is the outcome of student i, Ai is prior achievement, Xi is a vector of student-level 
characteristics that are important in determining outcomes and Dis are a series of dummy 
variables taking the value of one if student i is in school s and zero otherwise. μs therefore 
measures the individual contribution of the school after student-level background factors 
and prior achievement have been taken into account.

The school effect, μs, can be interpreted as the value-added score but because this will 
not be on the same scale as the raw score, researchers often calculate a predicted score 
(Meyer, 1997): 

bYs ¼ b0 þ b1�Aþ b2�X þ bμs 

where bYs is the predicted score for a given school s with values of A and X set to some 
benchmark levels, �A and �X .
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An issue to consider when estimating value-added models is the fact that test scores 
are bounded, which may give rise to ceiling effects. The concern is that if advantaged 
schools can only move students from one test ceiling to another then value-added 
measures may be biased against these schools. However, Koedel and Betts (2010) show 
that over a wide range of test-score-ceiling severity, value-added estimates (of teachers) 
are only negligibly influenced by ceiling effects. Only when over half of students are 
affected by the ceiling do they find significant biases in value-added estimates. In our 
sample the average percentage of students scoring the maximum within a school is 
5.17%. The low percentage of students attaining the maximum grade suggests that 
ceiling effects are not an issue for our analysis.

A further issue when estimating value-added models is that some schools are small. 
The Bayesian shrinkage estimator can be used to adjust for small numbers of observations 
within a school (e.g. Jacob & Lefgren, 2008; Kane & Staiger, 2002), although in recent 
research Guarino et al. (2015) urge caution when using this estimator. The choice of 
estimator makes very little difference to our results (see Appendix A).

4. Data

The data used in this paper are drawn from the Growing Up in Ireland (GUI) study, 
which tracks the development of a cohort of children born between November 1997 
and October 1998. We use data from the first three waves when the children were aged 
9, 13 and 17/18. The Wave 1 sample was generated through the national primary 
school system, with children from 910 randomly selected schools participating in the 
study.3

By Wave 2, the study children had moved into second-level schools. As a result of the 
relatively free school choice, 627 (of about 720) second-level schools were included in 
the second wave. By Wave 3, the students had all sat their JC examinations. We use self- 
reported scores from the JC to construct the outcome variable. Following Sofroniou et al. 
(2000), we convert the grades for each JC subject into a numerical value ranging between 
1 and 12 for each subject (see Appendix B for more detail). To construct our overall score, 
we add the scores from each student’s seven best subjects.4

Prior achievement is measured at Wave 1, using reading and maths ‘Drumcondra’ tests, 
which were administered by GUI fieldworkers at the child’s primary school. Drumcondra 
tests are curriculum-based standardised tests that are widely used in Ireland.

In this paper, we adopt a CVA approach by controlling for a range of additional student 
characteristics. The GUI has a rich set of family background variables, which allows us to 
control for family income, parental education and family structure as well as the gender of 
the students. In addition, the GUI constructs several measures of non-cognitive skills of 
the student using the Strengths and Difficulties Questionnaire (SDQ) to assess the 
student’s socio-emotional development and behaviour. We use these SDQ scores in 
estimating our value-added models. We are unaware of any previous study that has 
controlled for non-cognitive skills when measuring the value added of schools.

We follow Raudenbush and Willms (1995) and omit school-level variables from the 
value-added model; instead we consider their importance when looking at the determi-
nants of value-added.
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We exclude a very small number of schools that solely cater for students with special 
needs or for whom school type was unavailable. The only additional restriction we impose 
on our sample is to exclude schools with fewer than five study children. We do this in 
order to balance the precision of the value-added estimates against the number of 
schools included in the analysis. Although the minimum is five, the average number of 
sampled students in a school in our analysis is 11.8 and the maximum is 48. As mentioned 
earlier, when we examine the sensitivity of our results to the fact that some schools have 
small sample sizes using a Bayes shrinkage estimator, we find very similar results, indicat-
ing that our results are robust to corrections for small samples, as reported in Appendix A.

Table 1 provides summary statistics for the student-level variables used in our analysis. 
The first column presents statistics for the full Wave 1 sample of 8,568 individuals. Sample 
attrition between Waves 1 and 3 reduces the potential sample of individuals to 6,216; 
statistics on this group are shown in column 2. For both columns 1 and 2, the number of 
observations available for each variable is shown in italics. Missing data on covariates 
reduce the sample further to 5,123, while our restrictions reduce it to 4,577. Summary 
statistics for this final sample are provided in column 3. There is some evidence that those 
in our final sample have higher prior achievement scores and perform better on the non- 
cognitive tests than the initial sample. However, for the other variables the differences 
across the three columns are small.

Table 2 reports summary statistics at the school level. The number of schools repre-
sented in the dataset falls from 627 in Wave 2 to 494 in Wave 3 because of sample 
attrition. Following our restrictions, we construct value-added estimates for 388 of these 

Table 1. Individual summary statistics.
Wave 1 All Waves Final Sample

Mean 
N

Mean 
N

Mean 
(Standard Deviation)

JC Overall Score 72.65 
5888

73.24 
(7.43)

Reading Score – age 9 0.02 
8356

0.05 
5917

0.10 
(0.99)

Maths score – age 9 −0.75 
8449

−0.71 
5977

−0.67 
(0.92)

SDQ Score (Wave 2) - 7.04 
6038

6.5 
(4.94)

Attention Span – medium 0.34 
8226

0.33 
5812

0.33 
(0.47)

Attention Span – high 0.52 
8226

0.53 
5812

0.56 
(0.50)

Male 0.51 
8568

0.51 
6039

0.50 
(0.50)

Irish 0.91 
8560

0.92 
6032

0.93 
(0.25)

Family Equivalised Income (Wave 2) - 16,121 
5610

16,662 
(10,352)

Parent Degree or Higher (Wave 2) - 0.30 
6017

0.33 
(0.47)

Father Not Present in Household (Wave 2) - 0.25 
5986

0.23 
(0.42)

N 
4577

SDQ score refers to the Strengths and Difficulties Questionnaire.
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schools, corresponding to approximately 54% of all second-level schools in Ireland. 
However, when reporting summary statistics, we restrict the sample to the 337 schools 
with complete information on the variables determining value added. These variables 
describe the characteristics and practices of each school, including the experience level, 
age and gender of the principal, whether the school streams students based on ability and 
whether the school offers study skills programmes, student mentors and class tutors. In 
addition, we use the total number of students enrolled in the school, the daily attendance 
rate and the proportion of students with emotional problems. We also use the average 
unemployment rate for the school based on the students’ detailed local area.

Table 2. School summary statistics.
Mean 

(Standard Deviation)

Fee-Paying 0.09 
(0.28)

Non-DEIS Secondary 0.51 
(0.50)

Non-DEIS Vocational 0.28 
(0.45)

DEIS 0.13 
(0.34)

Single-Sex Boys 0.20 
(0.40)

Single-Sex Girls 0.24 
(0.43)

Medium Size (400–700) 0.52 
(0.50)

Large Size (700+) 0.29 
(0.45)

Streaming 0.18 
(0.39)

Class Tutors 0.98 
(0.14)

Student Mentors 0.86 
(0.35)

Study Skills 0.77 
(0.42)

Female Principal 0.39 
(0.49)

Age Principal (40–49) 0.39 
(0.49)

Age Principal (50–59) 0.45 
(0.50)

Age Principal (60+) 0.09 
(0.29)

Experience of Principal 7.02 
(6.03)

Emotional Problems 0.21 
(0.41)

Average Daily Attendance 89.16 
(16.18)

Local Unemployment Rate 4.87 
(1.64)

N 337

DEIS refers to schools with a high proportion of educationally 
disadvantaged students.
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Of particular interest in our analysis is school type, which has four categories: fee- 
paying, non-DEIS secondary, non-DEIS vocational/community and DEIS. From Table 2, we 
see that about 9% of schools are fee-paying and 28% are non-DEIS vocational/community, 
both figures that are consistent with the national distribution. However, at 13%, DEIS 
schools are substantially underrepresented in our sample, given that they account for 
27% of all schools nationally. This is partly because DEIS schools are underrepresented in 
the GUI dataset and partly because these schools are typically smaller and therefore less 
likely to satisfy our inclusion criteria. By the same reasoning, non-fee paying non-DEIS 
secondary schools are overrepresented in our sample because they tend to be larger. 
When conducting our analysis, we estimate all the models on both the full sample 
including DEIS schools and on the smaller sample excluding DEIS schools, to see if their 
underrepresentation affects our findings. We find no evidence of this.

5. Results

As a preliminary analysis, we assess the relative importance of within- and between- 
school variation in JC scores. The total variance of scores across all students is 55.25, 
whereas when we assign to each student the school average test score, the variance is 
12.84. Therefore 23.3% of the total variance in overall JC scores is accounted for by 
between-school variation. Smyth (1999) obtains a similar result (22%) in an Irish data set 
with fewer schools but more observations within each school. Previous international 
research also typically finds within-school variation accounting for the majority of the 
variance in test scores (OECD, 2004).

5.1. Measuring value added

Figure 1 presents the average JC score in each school, together with its 95% confidence 
interval, ranking the schools from lowest to highest average score. Although it is difficult 
to distinguish between schools in the middle of the rankings, we can distinguish between 

Figure 1. School mean raw JC scores.
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high- and low-performing schools. The bottom 15% of schools, whose upper bound is 
approximately 74, can be distinguished from the top 15%, whose lower bound 
exceeds 74.

However, if children with higher prior achievement or from a higher socioeconomic 
background cluster in particular schools, then it is difficult to distinguish good schools 
from schools with good students. To examine this selectivity issue, we group schools into 
quartiles based on average JC scores and examine the distribution of student character-
istics for each quartile. For prior maths and reading scores, equivalised household income 
and SDQ scores, the results are plotted in Figure 2. For all of these variables, the 
distributions for schools in the top quartile of JC scores are furthest to the right, followed 
in order by each of the other quartiles. The same pattern applies for the discrete variables 
used. The proportion of parents with a university education is 33% overall, but 48% (21%) 
for students attending schools in the top (bottom) quartile. Likewise, the proportion of 
students living in households without their father is 23% overall, but 17% (31%) for 
students in schools in the top (bottom) quartile. These clear differences across schools 
illustrate the importance of controlling for compositional differences when assessing 
school effectiveness.

The results from the value-added model are given in Table 3. All the estimates are 
statistically significant with the expected signs. When interpreting the magnitude of these 
coefficients, it is useful to recall that the standard deviation of JC scores in our sample is 
approximately 7.4. The point estimates on prior achievement indicate that a one unit (one 
standard deviation) increase in a student’s prior reading score is associated with a 0.28 

Figure 2. Distribution of characteristics by school raw JC ranking (Quartile 1 to Quartile 4).
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standard deviation increase in their JC score, while a one unit increase in the prior maths 
score increases the JC score by 0.20 standard deviations. The other results in the table can 
be similarly interpreted.

We use the fixed effects estimated from the above model in calculating the value- 
added measure bYs. To put the value-added scores on a similar scale to the raw scores, we 

estimate bYs for boys with average values of prior achievement scores, equivalised income 
and SDQ scores, with a high level of persistence and whose parents are Irish, have 
a university degree and are both present in the household. However, these baseline 
choices are simply normalisations that do not affect our analysis.

5.2. Model validity

In this section we consider the validity of our value-added estimation. While we 
include a rich set of control variables in our model, these may still not adequately 
control for selection. Although we do not have access to experimental variation to 
assess the extent of any remaining selection bias (e.g. Angrist et al., 2017), we can 
examine the validity of our approach by ‘checking for balance’ in characteristics not 
used in the value-added model. The intuition behind the test is that if high value- 
added schools are found to ‘affect’ predetermined student characteristics then this is 
almost certainly an indication of remaining selection bias. While there is ongoing 
debate on the use of balance tests of value-added models (Chetty et al., 2016), they 
are still widely used.

Table 3. Value added regressions: dependent 
variable is JC score.

Reading Score (age 9) 2.09*** 
(0.11)

Maths score (age 9) 1.44*** 
(0.12)

SDQ Score −0.25*** 
(0.02)

Attention Span – medium 0.78*** 
(0.29)

Attention Span – high 2.61*** 
(0.29)

Male −0.44** 
(0.23)

Irish −0.58* 
(0.33)

Family Equivalised Income/1000 0.05*** 
(0.009)

Parent Degree or Higher 1.59*** 
(0.19)

Father Not Present in Household −1.33*** 
(0.20)

N 4577

School fixed effects included. Standard errors in parenth-
eses. *p < 0.10, **p < 0.05, ***p < 0.01.
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The balance test that we apply uses Wave 1 family income as a ‘held out’ variable. 
Parental income from Wave 2 (when the children are aged 13) is included in our 
value-added specification, but parental income from Wave 1 (when aged 9) is not. 
The correlation between parental income at Waves 1 and 2 is 0.56; the fact that it is 
substantially less than one leaves open the possibility that Wave 1 income may 
capture some characteristics that determine selection into schools. If our existing 
controls are effectively capturing selection however, we should see no relationship 
between value added and Wave 1 parental income.

To implement this test, we group schools into deciles based on estimated school value 
added and calculate average Wave 1 parental income in each decile. For comparison, we 
also construct average Wave 1 parental income by decile of raw JC scores. Both of these 
are plotted in Figure 3. Average parental incomes across raw JC deciles are represented by 
the circles, while the averages across value-added deciles are represented by the dia-
monds. The solid and dashed lines represent the associated fitted least squares lines.

The clear positive relationship between raw JC scores and Wave 1 income confirms the 
selection documented in Figure 2; students in schools that perform well in terms of raw JC 
results are more likely to come from high income families. In contrast, there is no evidence 
of a relationship when schools are ranked based on their value-added scores. This 
substantial improvement in balance in Wave 1 income when moving from raw scores to 
value-added scores supports our approach.

5.3. Value added across schools

Figure 4 shows the estimated value-added score in each school, ranked from lowest to 
highest. The graph in Figure 4 is notably flatter than that for raw scores in Figure 1. To 
verify this, we fit a non-parametric kernel-based local-linear regression through the data 

Figure 3. Test for balance in Wave 1 household income.
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given in Figures 1 and 4. The average estimated derivative of this regression line for 
Figure 4 is half that of Figure 1, with the difference in slopes particularly pronounced at 
the lower end. This reduction in slope translates into a 28% reduction in the standard 
deviation of value-added scores relative to raw JC scores.

Despite the reduced variance, there is still evidence in Figure 4 of high and low value- 
added schools. As with raw scores, we can distinguish between the bottom and top 15% 
of schools, based on a value-added threshold of approximately 75. However, schools that 
perform well in raw JC scores (Figure 1) are not necessarily the same schools that perform 
well in value-added terms (Figure 4). To examine this, Figure 5 plots both a school’s value- 
added and its average raw score against its ranking in raw scores. The value-added scores 
are given by the triangles, while the dark dots indicate raw performance. In general, 
schools that have the lowest raw scores perform better in value-added terms and the top- 

Figure 4. School value-added scores.

Figure 5. Raw and value-added scores ranked by raw scores.
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ranking schools perform worse. To illustrate this, we add a non-parametric regression of 
value added on raw rank (the light dashed line), which is clearly flatter than the line of 
dark dots.

These graphs indicate a substantial reranking of schools when we switch from raw 
scores to value-added scores. Figure 6 illustrates this reranking using a scatterplot of the 
raw and value-added ranks. Schools above the 45-degree line improve their ranking when 
selection is accounted for, while those below disimprove. The rank correlation between 
raw and value-added scores is 0.72. The Kendall tau rank distance between the two 
ranking lists is 0.23, implying that 23% of all pair comparisons differ in ordering between 
the raw and value-added measures.

Anecdotal evidence suggests that school choice is often based on school type (fee- 
paying, secondary, community/vocational and DEIS schools). To examine the extent to 
which student characteristics vary by school type, we plot the prior maths and reading 

Figure 6. Scatterplot of raw rank and value-added rank.

Figure 7. Distribution of characteristics by school type.
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scores, household income and non-cognitive scores by school type. These are given in 
Figure 7, which show clear differences across school types in terms of student intake. In 
order to consider whether the reranking discussed above depends on school type, 
Figure 8 reproduces Figure 6, including identifiers for school type. As fee-paying schools 
are predominantly located below the diagonal line and DEIS schools above, it is 
apparent that the reranking of schools is not independent of school type. However, it 
is also evident that there is a lot of variation in value-added performance within each 
school type.

5.4. A comparison of a non-contextual and contextual value-added approach

In this section we examine whether the additional student-level covariates that we 
include in our CVA matters for the overall ranking of schools. As well as prior achievement 
measures, our model includes family income, nationality, gender, non-cognitive skills, 
parental education and family structure. To examine the impact of including these 
additional background variables, we compare our results with those obtained from 
a restricted version of Equation (1) using only prior performance. This represents the 
NCVA model discussed in previous work (Timmermans et al., 2011).

The correlation in rankings between our NCVA and CVA models is 0.89. This is similar to 
findings from other countries. Leckie and Goldstein (2019) find a correlation of 0.89 
between their Progress 8 and Adjusted Progress 8 ranks in English schools; 
Timmermans et al. (2011) find a correlation of 0.82 between CVA and NCVA models in 
Dutch schools; and Marks (2021) finds correlations in the range of 0.64 to 0.84 in 
Australian secondary schools.

Despite the relatively high correlations, the differences between the models can have 
large implications for schools. This is also evident in our results. Figure 9 plots a school’s 
rank in NCVA against its rank in CVA, distinguishing by school types. Schools below the 
diagonal have lower rank when the additional student-level variables are included in the 

Figure 8. Scatterplot of raw rank and value-added rank by school type.
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value-added model. Changing from an NCVA to a CVA approach would lead to 25% of 
schools in our sample moving up or down the school rankings by 50 or more ranks, with 
6.4% moving over 100 ranks. Furthermore, the change in rankings when moving from 
NCVA to CVA varies systematically with school type. Figure 9 shows that controlling only 
for prior attainment favours fee-paying schools. The average ranking of fee-paying 
schools fell from the 98th percentile in the raw rankings to the 80th percentile in the 
NCVA rankings and fell further to the 63rd percentile in the CVA rankings.

When we apply the balance test discussed in Section 2.2 to the NCVA model, we reject 
the null hypothesis of no relationship between Wave 1 parental income and value added, 
with a p-value close to zero. This provides evidence that prior achievement is not 
sufficient to remove all the selection bias in the raw scores and illustrate the importance 
of the CVA approach.

5.5. Relationship between school characteristics and value added

In this section, we examine the school characteristics that are related to estimated school 
value added, with results shown in Table 4. We regress both the school average raw JC 
scores (column 1) and the school value-added estimates (column 2) on the school-level 
variables discussed in Section 4. The results in column 1 show that on average, fee-paying 
schools are ranked about 89 places ahead of secondary schools and about 163 places 
above DEIS schools; school type clearly matters for raw scores. Schools with a female 
principal tend to be ranked higher (by about 29 places), while schools with older 
principals tend to be ranked lower. However, conditional on age, experience as principal 
in the school is positively associated with raw JC scores. Furthermore, schools with 
students from high unemployment areas rank significantly lower. None of the other 
regressors included in column 1 has a significant effect on raw scores.

Figure 9. Scatterplot of CVA v NCVA rankings by school type.
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Looking at the characteristics associated with value added in column 2, the dominance 
of fee-paying schools is no longer evident. While some fee-paying schools continue to 
rank highly on measures of value added (see Figure 8), fee-paying schools as a group 
perform no better than other second-level schools. These findings are in keeping with the 
reranking results reported earlier and with the work of Cullinan et al. (2021), who found no 
effect of attending a fee-paying school in Ireland when family background is controlled 
for. In contrast, research on England by Malacova (2007) and Henderson et al. (2020) 
found a modest statistically positive effect even after controlling for background char-
acteristics and prior achievement. The difference between the results for Ireland and 
England possibly reflects the much higher resources and greater autonomy afforded to 
fee-paying schools in the English education system.

Table 4. Determinants of school raw rank and value-added rank.
(1) (2)

JC Raw Rank JC Value-Added Rank

Constant 376.90*** 
(62.46)

216.05*** 
(70.20)

Non-DEIS Secondary −89.41*** 
(20.32)

14.53 
(22.83)

Non-DEIS Community/Comprehensive −106.24*** 
(23.59)

36.73 
(26.51)

DEIS −162.93*** 
(26.90)

−30.68 
(30.23)

Single-Sex Boys 0.55 
(17.19)

0.07 
(19.32)

Single-Sex Girls 12.89 
(16.85)

−3.46 
(18.94)

Medium Size (400–700) −21.62 
(14.31)

−20.45 
(16.09)

Large Size (700+) 3.56 
(16.05)

−25.56 
(18.05)

Streaming −17.89 
(13.93)

−14.79 
(15.66)

Class Tutors 12.58 
(37.55)

−37.88 
(42.20)

Student Mentors −13.15 
(−15.20)

18.00 
(17.09)

Study Skills −8.64 
(12.90)

3.06 
(14.50)

Female Principal 29.07** 
(12.59)

39.25*** 
(14.15)

Age of Principal (40–49) −26.31 
(22.19)

2.74 
(24.95)

Age of Principal (50–59) −35.93 
(22.52)

−6.69 
(25.31)

Age of Principal (60+) −55.50* 
(29.11)

−16.62 
(32.72)

Experience of Principal 1.79* 
(0.99)

1.97* 
(1.12)

Emotional Problems −18.26 
(13.76)

−5.23 
(15.46)

Average Daily Attendance 0.35 
(0.33)

0.58 
(0.38)

Local Unemployment Rate −18.33*** 
(3.44)

−14.17*** 
(3.87)

N Schools 337 337

Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

OXFORD REVIEW OF EDUCATION 819



Looking at the other variables, schools with students from low unemployment areas 
have a higher value-added score, possibly due to local peer effects or fewer resources in 
these schools. Schools with female principals also have higher value added, possibly due 
to more effective leadership styles, evidence of which is reported in Bloom et al. (2015) 
and Hallinger et al. (2016). Alternatively, the positive association may reflect a selection 
effect, rather than a causal relationship. If only particularly able women go forward for 
principalships or more progressive schools hire female principals, then we would observe 
this positive effect even in the absence of a causal relationship.5

Although we find differences in value added across schools, it is striking how few of the 
included variables are significant in determining a school’s value added. This is consistent 
with recent work by Masci et al. (2018), who consider information about school manage-
ment, teaching staff, assessment and streaming in their analysis. They find no relationship 
between these measures and school value added. This suggests that the factors asso-
ciated with value added are idiosyncratic and may concern good management practices 
that are difficult to measure.

5.6. The impact of school choice

In this section, we examine the extent to which school choice matters to a child’s 
performance, by carrying out a counterfactual simulation where we reassign each 
student to the best value-added school accessible to that student. Because there is 
no information on the address of either the child or the school, we identify 
the second-level schools accessible to student i as the set of schools attended by 
any classmate of student i in their primary school. For some students (9.6% of our 
sample) there is effectively no choice, as all the sample children in their primary 
school attend the same second-level school. However, for the remaining children, 
there is choice: from any given primary school in Wave 1, children attend up to 
16 second-level schools in Wave 2, with a median of 5. For each child, we rank each 
accessible school by value-added score and calculate the child’s predicted score for 
each of these schools using his/her own characteristics. We then examine the effect 
on each child’s score of moving them to the best available school. In doing this, we 
take into account that boys may not attend single-sex girls’ schools and vice versa; 
we also assume that any student not currently attending a fee-paying school cannot 
afford to do so, meaning that only students already attending fee-paying schools are 
assigned to schools in this category. However, we do assume that all pupils attend-
ing a given school benefit to the same extent, so schools cannot be differentially 
effective for different students (Strand, 2010). Our sample size is too small to model 
the interactions that would be needed to account for heterogeneous student effects. 
Although our reassignment exercise abstracts from differential effects, peer effects 
and reallocation costs, this thought experiment provides a useful indication of the 
potential effects of policy decisions based on value added.

Our results indicate that the effect of each child attending the best available school 
is to raise average scores by 1.11 points or 0.22 standard deviations. This effect is 
substantial when placed in the context of the value-added results presented earlier; 
reallocation to the best available school is worth 70% of the effect of having a parent 
with a higher education, or €22,000 extra equivalised family income. Our estimate is 
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also consistent with international research. Angrist et al. (2017) find that a simulation 
that involved closing the lowest-ranked district school in the United States and send-
ing the students to schools with average value added boosts achievement by 0.37 
standard deviations, while Schiltz et al. (2018) find that the same policy in Italy raises 
achievement by 0.16 standard deviations. Our results indicate that enabling parents to 
choose on the basis of value added could have substantial effects. To the extent that 
academic success is one of the criteria that parents consider when choosing schools, 
the results suggest that information on value added could greatly benefit their deci-
sion making.

6. Conclusion

When students non-randomly select into schools according to prior achievement or 
socioeconomic factors, it can be difficult for parents to identify good schools. This is 
especially true in countries, like Ireland, where the information available to parents is very 
limited. In this paper we use a rich data set with detailed information on prior achieve-
ment, non-cognitive skills, family income, parental education and family structure. We 
show that these characteristics are strongly correlated with academic achievement and 
vary substantially across schools. As a result, controlling for selection substantially 
changes the rankings of schools.

School type is important in determining raw ranks, with fee-paying schools over-
represented among the highest performing schools in raw terms. However, this is not 
true once we account for compositional differences. Indeed, our analysis suggests no 
significant differences between school types in value-added terms. Schools with female 
principals rank highly in terms of both raw and value-added performance. However, in 
general the factors determining value added appear to be related to unobserved indivi-
dual school practices, rather than systematic school policies. Identifying these school 
practices could have important policy implications.

Our results suggest that reallocating students to schools based on value added has the 
potential to substantially boost student outcomes. Under our simplifying assumptions, the 
simulated effect of all children attending their best available school is almost as important 
as having a parent with a university degree. Providing information on the value added of 
schools could therefore be a low-cost way to assist parents in choosing a school.

Notes

1. Until 2009, teachers at fee-paying schools were funded at the same pupil-teacher ratio as 
other schools, but since then, the pupil-teacher ratio at fee-paying schools has been reduced 
so that it is about 20% lower.

2. For details see https://www.irishtimes.com/news/education/the-rise-of-private-schools-there 
-s-a-lot-more-money-around-1.3338945.

3. For more details see https://www.growingup.ie/data-documentation/.
4. We also conducted the analysis using a broader set (best 10) and a narrower set (only English 

and Maths, which are taken by all students) and found very similar results.
5. We interacted the gender of the principal with the single-sex status of the school and found 

no significant interaction effects.
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Appendix A. Empirical Bayes (EB) estimates of value added

Figure A1 plots the rankings of our reported measure against rankings based on the EB estimator. 
The correlation between the reported estimates and the EB estimates is 0.98. The Kendall tau rank 
distance between the two ranking lists is 0.03. This implies that only 3% of all pair comparisons differ 
in ordering between the two value-added measures.

Furthermore, the use of the EB estimates in the subsequent analysis of the determinants of value 
added did not change our findings. Based on this we are confident that the results reported in the 
main body of the paper are robust to corrections for noise and small samples.

Figure A1. Scatterplot of unadjusted and empirical Bayes value-added ranks by school type.
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Appendix B. Conversion of JC grades to individual performance scores

The conversion of JC letter grades to a numerical scale was constructed using the following 
conversion rates (see also Sofroniou et al., 2000).

Higher Ordinary Foundation Score

A 12
B 11

C 10
D A 9
E B 8

F C 7
D A 6

E B 5
F C 4

D 3
E 2
F 1
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