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ABSTRACT
By means of a regression-discontinuity approach with multiple
cut-off points, the effects of age and schooling on learning gains
in English primary schools are estimated. The analyses relate to
over 3,500 pupils in 20, predominantly independently funded,
schools and focus on 4 different learning outcomes. In order to
take into account delayed and accelerated school careers, an
intention-to-treat analysis was applied. The findings reveal sub-
stantial effects of schooling, which in line with previous studies in
English primary education account for about 40% of the total
learning gains. The year-to-year gains show a declining trend as
the school career progresses. The analyses produce evidence for
both decreasing effects of schooling on achievement and a weak-
ening age‒achievement relationship in the higher years of primary
education.
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Introduction

All over the world, children spend many hours in school. In most countries, formal
education in schools is compulsory from a young age (often 5 or 6) until at least the
early teenage years. In primary education, language and mathematics make up a large
part of the school curriculum, and there can be no doubt that children make much
progress in these respects during the primary school period. Available evidence further
suggests that the learning gains decline as the school career progresses.

Bloom, Hill, Rebeck Black, and Lipsey (2008) report outcomes that express the annual
growth in the United States for language, maths, science, and social studies as effect sizes
(based on Cohen, 1988). For language and maths, the yearly gains are approximately 1.00
in the first years of primary education. This implies that the average pupil in Year 2 scores
one standard deviation above the average in Year 1. In later years, this growth gradually
declines. In the final years of primary school, annual growth has already declined by more
than half, and in the final years of high school it is 0.20 or less. These findings can be used
as benchmarks for assessing the impact of educational interventions (Lipsey et al., 2012).
For example, an effect size of 0.20 would be considered small, following the broad
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guidelines suggested by Cohen (1988), but in many cases such an effect would already
equal half the annual learning gain or even more.

Even though children show substantial learning gains over the primary school years,
one cannot assume that all progress is caused by schooling. At least some part of the
learning gains during primary education occurs independently from schooling. Children
not only learn through formal schooling but acquire knowledge and skills due to non-
school factors as well (e.g., their home environment). In that respect, the annual gains
reported by Bloom et al. (2008) reflect growth due to non-school factors as well as
schooling. This may be a reason to set expectations about the impact of educational
interventions at even more modest levels. Educational interventions may help to
improve key factors like the quality of classroom instruction, but the impact of non-
school factors will be more difficult to manipulate.

It is also important to note that it is unclear to what extent the decreasing growth in
learning gains reflects declining effects of schooling. It may be the result of a declining
age effect; as learning curves tend to flatten over time, we expect that a declining age
effect is a major factor in the decrease of annual learning gains. It is however, con-
ceivable that the effect of schooling remains constant over the years and that declines in
annual learning gains are solely due to a decreasing age effect. It is also possible that
both the effect of schooling and age declines in the later years. Perhaps the impact of
instruction is strongest in the first years, while its effects are less profound later on.
Maybe changes in the school curriculum are a relevant factor. In the first years of
primary schooling, there is an emphasis on the development of basic skills in language
and mathematics, whereas in the later years there is more focus on applying those skills
in more specialist knowledge in subjects such as science, history, and geography.
Further, the findings reported by Bloom et al. (2008) suggest that it may be inappropri-
ate to apply the same benchmarks for evaluating the effects of educational interventions
at all stages of the educational career. However, if decreases in annual learning gains are
solely due to declining age effects with the schooling effects being stable across the
school years, this conclusion may be reconsidered. There is little reason to set different
benchmarks at different stages of the school career, if the effects of schooling remain
constant as the school career progresses and decreases in annual learning gain are
solely due to declining age effects.

The present paper reports the findings of a study aimed at an empirical investigation
of the contribution schooling makes to children’s learning gains during the primary
school period (Years 1 to 6) in the English education system. The main research question
we address is:

Do effects of schooling decline in the later years of primary education?

The present paper explicitly aims to contribute to a strand of research in which the
effects of schooling are estimated by comparing same-age children in different year
groups. This approach has been applied in a considerable number of studies (e.g., Cahan
& Cohen, 1989; Cahan & Davis, 1987; Cliffordson, 2010; Gormley & Gayer, 2005;
Kyriakides & Luyten, 2009; Luyten, 2006; Stelzl, Merz, Ehlers, & Remer, 1995). Estimates
of the schooling effect are based on the difference in achievement between the oldest
pupils in one year and the youngest in the next. The approach is usually referred to as
regression discontinuity and strongly draws on the use of cut-off dates to determine
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assignment to year groups. To our knowledge, only the study by Cliffordson (2010),
which relates to Swedish pupils in Years 6, 7, and 8 (ages 12, 13, and 14, respectively),
has addressed the possibility that the effects of schooling may vary at different phases in
the school career.

Our study focuses on the effects of schooling on learning gains in language, maths
and general cognitive ability. The dependent variables are four different measures that
are part of the Interactive Computer Adaptive System (InCAS) assessment (Merrell &
Tymms, 2007), which was developed by CEM (Centre for Evaluation and Monitoring at
Durham University, UK) (Tymms & Coe, 2003) to assess the learning gains of primary
school children. Three of these measures relate to skills that are typically taught in
school (Reading, General Maths, and Mental Arithmetic). The fourth measure (Developed
Ability) reflects skills that may largely be acquired outside the school (vocabulary) and
that are not explicitly included in the primary school curriculum (non-verbal pattern
recognition). With regard to this fourth measure, we expect to find that schooling
contributes relatively little to learning gains.

Our main research question is whether effects of schooling decline in the later years
of primary education. More specifically, our data analyses address the following
questions:

(1) Is there evidence for a decreasing effect of schooling on learning gains?
(2) Is there evidence for a weakening age‒achievement relationship as the school

career progresses?
(3) What is the impact of schooling on learning gains expressed as an effect size?
(4) What is the relative contribution of schooling as a percentage of total learning

gains?

In the next section, we briefly summarize findings from prior research on the effects of
schooling that capitalizes on cut-off dates for assigning pupils to year groups. The basic
principles of regression discontinuity are outlined and also the main requirements that
must be met when this approach is used for assessing the effects of schooling.
Complications that arise when the approach is applied in these studies are discussed as
well. We will explicitly explain why intention-to-treat analysis is an appropriate approach to
deal with some of the main complications. In the present case, an alternative method is not
feasible, because it would require background information on the pupils that is not present
in our dataset. In the next section, the methods of analysis applied in the present study will
be outlined. After that, we present our findings in the results section. The paper concludes
with a discussion section in which we also address the main limitations of the present study
(i.e., with regard to sample size and power, internal validity and external validity).

Prior research on the effects of schooling using regression discontinuity:
basic principles main findings, requirements, and complications

Basic principles

A major challenge for any research that aims to estimate the impact of schooling on
young children is the fact that nearly everyone attends school. As a result, an equivalent
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control group of children that receives no schooling is absent. A valid method to deal
with this challenge is to compare (nearly) same-age children in different year groups
(Ceci, 1991). This approach (usually referred to as regression discontinuity) strongly
draws on cut-off dates. In most education systems, such cut-offs are applied to deter-
mine assignment to year groups. If they are strictly adhered to, children with minimal
differences in age are assigned to adjacent year groups. This creates a situation very
close to a randomized experiment, as children that are similar in each and every aspect,
apart from a minute difference in age, end up in a higher or lower year group. Therefore,
the effect of being assigned to a higher year group can be separated from the relation-
ship between age and achievement.

In the simplest case, pupils from two adjacent school years are compared. The data
analysis comes down to a straightforward regression analysis with two main explanatory
variables: age and year group. The dependent variable is usually a test score, but it may
also be a non-cognitive measure (e.g., self-efficacy or attitudes toward school). If only
two years are involved, the year group variable amounts to a dichotomy. In that case,
the effect of the year group in the regression analysis actually expresses the difference
between the oldest pupils in the lower year and the youngest in the higher year. This is
the case, because the analysis controls for the effect of age. In this paper, we report the
findings of a study that covers a wider range of year groups.

It is important to note that with regard to this particular application of regression
discontinuity, it is reasonable to assume that the individuals on either side of the cut-off
are similar on relevant background characteristics (e.g., aptitudes,motivation, gender, family
background, ethnicity). This may not be a safe assumption in other cases of regression-
discontinuity research. For example, if one wants to assess the effects of a voluntary pre-
school programme for 4-year-olds on language skills, it is quite likely that certain parents are
more eager to enrol their children for the programme. These parents may also be more
motivated and/or able to stimulate their children’s learning (Gormley & Gayer, 2005). In the
present case, however, we are dealing with children in adjacent years of compulsory school-
ing. In this case, we can expect the background of the pupils to be similar in each and every
year, as schools draw their pupils from the same population year after year. This assumption
has hardly ever been tested in educational research, but a study covering over 80% of all
primary schools in The Netherlands shows that over a 5-year period pupil backgrounds are
highly consistent from year to year (Luyten & De Wolf, 2011). In their secondary analysis on
the 1995 TIMSS data, Webbink and Gerritsen (2013) found indications of non-equivalence
between adjacent school years in secondary education, but corrections for bias in this
respect hardly affected the estimated effects of schooling (Webbink & Gerritsen, 2013, p.
19). Note that in this case not all pupils from different years attended the same schools. In
the present study, only schools were included that tested their pupils in all six years.
Moreover, there is no reason to assume that date of birth is related to relevant background
variables. This would imply that in certain months more talented children are born, or more
high-socioeconomic-status (SES) children, or more girls, and so forth. With regard to the
present study, it is also relevant that the schools included are nearly all independent schools
that attract specific populations. Some of the schools provide boarding facilities, some are
religious schools, and some are single-sex schools, and all charge substantial fees. It stands
to reason to expect that the pupil backgrounds in such schools will be particularly similar
from one year to the next.
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Main findings

Research based on regression discontinuity invariably shows positive and generally
substantial effects of schooling on cognitive measures (Luyten, 2015). Most studies
indicate that the impact of schooling on differences in achievement between year
groups outweighs the impact of age, although some exceptions have been reported.
Jabr and Cahan (2015) report relatively small effects of schooling for pupils in Palestinian
schools on the West Bank and in Israeli State Arab schools (but not for pupils in Israeli
State Jewish schools), and Luyten (2006) reports relatively small effects of schooling for
England compared to several other countries. The earliest regression-discontinuity
studies to assess the impact of schooling on learning gains were conducted by devel-
opmental psychologists (e.g., Baltes & Reinert, 1969; Cahan & Cohen, 1989). Work by
researchers in the field of education (e.g., Crone & Whitehurst, 1999; Luyten, 2006) and
human capital economics (e.g., Cascio & Lewis, 2006; Gormley & Gayer, 2005; Webbink &
Gerritsen, 2013) is more recent.

The basic regression-discontinuity approach can be extended to a wider range of
years as long as it relates to pupils in adjacent years. There are a few examples of this.
The study by Cahan and Cohen (1989) covers children in Years 4, 5, and 6 of primary
education in Israel. The studies by Kyriakides and Luyten (2009) and Jabr and Cahan
(2015) cover even wider ranges of school years. So far, in nearly all studies that cover
more than two adjacent school years, the effect of one year of schooling has been
modelled as a linear effect. In other words, the effect of schooling is assumed to be
constant across the entire range of years. The study by Cliffordson (2010) is the only
exception that we are aware of. Her findings show a linear relationship between age and
mathematics achievement for Swedish pupils in Years 6, 7, and 8 (ages 12‒14) and a
declining effect of schooling. The effect of being in Year 8 versus 7 appears to be smaller
than the effect of being in Year 6 versus 7.

Requirements

Here, we focus on the requirements that relate specifically to research that makes use of
regression discontinuity to assess the effects of schooling. General requirements that
should be met with regard to the internal validity of the regression-discontinuity
approach, as specified by Schochet et al. (2010), are addressed in Appendix 1, which
also provides further details on these requirements with regard to the current study.

An important advantage of regression discontinuity as a method to assess the effects
of schooling is that it actually sets rather few requirements. Perhaps the most challen-
ging requirement is that information on student scores in at least two adjacent year
groups is available and, most of all, that the scores of pupils in different year groups are
comparable. In studies that cover a wide range of years, administering the same test to
all pupils would hardly be sensible. Items that are appropriate for pupils in the final years
of primary education will be too difficult for younger pupils. Items appropriate for pupils
in the first years will be trivial for the older ones. To deal with this complication, one can
make use of vertically equated test scores. This enables us to express scores from
children throughout primary school on a common scale (Verhelst, 2010). Scores based
on different tests can be made comparable either if the tests have a number of items in
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common or if some pupils have taken both tests. Performance in a specific domain (such
as reading or maths) can be scaled in such a way that scores from School Years 1 to 6
become comparable. Scores from Years 1 and 2 can be made comparable through
overlap in items. These will be relatively difficult items for Year 1 pupils and relatively
easy items for Year 2 pupils. The same principle can be applied for Year 2 and Year 3,
and so forth. In this case, the overlap in items will include the more difficult items for
Year 2 (not included in the Year 1 and Year 2 overlap) and the relatively easy ones for
Year 3. Through indirect comparability, scores that cover the entire primary school
period can be made comparable.

In addition to vertically equated scores, information on the pupils’ birthdates is
required (at least month and year of birth). Third, the cut-off date that determines
assignment to school years must be known. Preferably, the same cut-off date should
apply to all pupils in the education system that is studied. For example, a serious
complication arises when the cut-off date varies among regions or even individual
schools within the education system. Fourth, information on each pupil’s actual year
group is needed. This information can also be used to assess how strictly the cut-off is
applied. Thus, the percentages of delayed and accelerated school careers can easily be
determined. A very convenient feature of the approach is that cross-sectional data
suffice. If one accepts the assumption that pupil backgrounds do not vary between
years and that month of birth is unrelated to relevant background variables like talent,
motivation, SES, and gender, no background data or pre-test scores are required.

Complications (and solutions)

A first complication when applying regression discontinuity may be variation of the cut-
off date by regions within countries, although in many countries a nation-wide cut-off
date applies. Examples of countries with variation in cut-offs between regions are
Australia, Germany, the United Kingdom, and the United States. The most sensible
approach in those cases seems either to focus on a region where a single cut-off date
is applied or to run separate analyses per region and synthesize the findings in a
subsequent stage. The present study relates to schools in England. Across schools within
this part of the UK, the same cut-off date (1 September) is applied, and exceptions to
this rule are particularly rare.

Another important complication in studies applying a regression-discontinuity
approach to assess the effect of schooling is the adherence to the cut-off date. If the
cut-off date was applied strictly to assign pupils to year groups (i.e., leaving no room for
exceptions), each year would contain exclusively pupils born within a 1-year age range,
and all children born within this age-range would be in the same year group. In that
case, the correspondence between age cohorts and year groups would be perfect.
Estimating the effect of schooling would then be quite straightforward. One would
only need to assess the relationship between age and achievement, and the effect of
schooling would be equal to the difference in mean achievement between both years
after adjusting for the age‒achievement relationship. Within year groups, one may
expect an advantage for the older pupils, but the difference in achievement between
pupils in adjacent year groups that cannot be attributed to age can be conceived as the
schooling effect.
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However, in nearly every education system cut-off dates are applied with some
flexibility. Pupils do not always end up in the “right” year group, especially as grade
retention and (to a lesser extent) grade skipping are common phenomena in many
education systems. As a result, delayed and accelerated school careers occur to some
extent, but this varies greatly across education systems (Eurydice, 2011; Organisation for
Economic Co-operation and Development [OECD], 2010, pp. 61‒68). As the present
study relates to primary education in England, the prevalence of pupils assigned to a
“wrong year” is quite limited (for more details, see Appendix 2). In many other systems,
the prevalence of non-standard school careers potentially presents a serious problem for
the assessment of the effects of schooling. In each year group, delayed pupils are the
oldest ones and accelerated students are the youngest. The main reason for delay in
school career is (perceived) lack of learning aptitudes, and the main reason for accel-
eration is usually the opposite (exceptional aptitudes). Ignoring this complication will
produce an underestimation of the relationship between age and achievement, because
the oldest pupils (the delayed ones) will not get particularly high tests scores but the
young, accelerated pupils will score quite high. As a result of underestimating the age‒
achievement relationship, the effect of schooling will be overestimated.

The often applied “solution” of eliminating pupils with non-standard careers from the
analysis does not solve this problem. Non-standard school careers are most frequent
among pupils with birthdates close to the cut-off (Luyten & Veldkamp, 2011). The
youngest pupils in each cohort run the highest risk of being retained, and acceleration
occurs most frequently among the oldest. Excluding these pupils from the analysis
would still result in an underestimation of the age‒achievement relationship. Thus, the
effect of schooling will again be overestimated. Relatively young and less talented pupils
will be excluded, and the same goes for relatively old and highly talented pupils. The
complication of flexible cut-off dates may not be too much of a problem in systems with
very small percentages of non-standard school careers (like the English case), but in
other systems it presents a major problem.

Most prior research that capitalizes on cut-off dates to assess the effects of schooling
has been conducted in education systems with relatively low percentages of delayed and
accelerated school careers (less than 5%). In the majority of these studies, the researchers
chose to exclude the pupils with non-standard careers from the analysis. This probably did
not have any strong effects on their findings, as only small percentages were excluded.
Still, excluding these pupils is a somewhat crude way to deal with pupils that are assigned
to a “wrong” year, and in the end it is incorrect. A more appropriate method would be to
apply an instrumental variables method (Angrist & Krueger, 2001). This would produce an
unbiased assessment of the effect of being assigned to a higher year, but the analysis
would require that the factors determining delay and acceleration are taken into account.
Therefore, a wide range of background variables (including prior achievement scores)
should be controlled for in the analysis. The findings would demonstrate the effect of
being assigned to a higher year, but an important aspect of the effectiveness of an
education system is also determined by the amount of delayed and accelerated school
careers; for example, suppose that in a given system the effect of being assigned to a
higher year is very strong, while at the same time a large percentage of school careers are
delayed. Should this system be considered more effective than a system where the year
group effect is smaller, while the percentage of delayed school careers is close to zero?
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A straightforward method to deal with the complication of flexible cut-off dates is to
conduct an intention-to-treat (ITT) analysis (Hollis & Campbell, 1999). Intention to treat is
frequently applied in medical research to take into account that the impact of a
treatment may be hampered if a substantial percentage of the intended patients is
not reached or does not complete the treatment. Likewise in education, some pupils
may not get the “treatment” for which they are eligible (given their date of birth)
because their school career is delayed, whereas accelerated pupils get a more advanced
treatment than most others in their age cohort. Applying this approach when assessing
the effect of schooling simply means that the analysis focuses on the year group a pupil
“should” be assigned to, given his/her date of birth, rather than the actual year. In other
words, a pupil’s birth cohort will be the main explanatory variable of interest. The
relationship between age and achievement will be assessed, and at the crossing from
one cohort to the next we expect to find an extra increase in achievement. An
advantage of this approach is that the effects of delayed and accelerated careers are
taken into account. Most likely, delay in school careers leads to a disadvantage in
comparison to same-age counterparts with a standard career (Hattie, 2009, pp. 97‒99),
and acceleration may give the pupils involved an advantage in comparison to their
same-age peers. To the extent that delay and acceleration are common phenomena in
an education system, its effects will be taken into account in an intention-to-treat
analysis. This approach seems especially useful for comparing the effects of schooling
across education systems as the prevalence of non-standard school careers is likely to
affect the overall effectiveness of education systems.

A practical advantage of intention-to-treat analysis (ITT) compared to the instrumen-
tal variables method (IV) in the context of assessing the effect of schooling is that IV
would require information on the factors that are related to delay and acceleration (like
aptitudes, motivation, family background, gender). In the present case such information
is absent. Apart from outcome measures, the dataset only contains information on the
pupils’ birthdates, their year groups, schools, and dates of testing. One should realize
that the intention-to-treat approach requires that all pupils from the age cohorts are
included in the analysis. This may present a serious complication in systems where cut-
off dates are applied rather flexibly, but in the present case it is not a serious problem;
first of all, because non-standard careers are very rare in English primary education, but
also because we cover a wide range of school years. As a result, most of the delayed and
accelerated pupils are still included in our sample. The only exception is delayed pupils
who should be in Year 1 (but are still in the previous class) and accelerated pupils that
should be in Year 6 (but have already left primary education).

Method

This section starts with a description of the dataset that was analysed. Next, we present
more details with regard to our method of analysis. General requirements that should be
met with regard to the internal validity of the regression-discontinuity approach, as
specified by Schochet et al. (2010), are briefly addressed in this section as well. Further
details on these requirements with regard to the study reported here are provided in
Appendix 1.
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Dataset

We make use of data that were collected during the period 1 September to 30
November 2012. Out of a much larger sample of English primary schools (350 schools;
35,226 pupils) that had used InCAS (the Interactive Computer Adaptive System, devel-
oped to assess the learning gains of English primary school children), only those schools
were selected that administered the assessment in all years from 1 to 6 in the autumn
period. A large number of schools (118; 16,392 pupils) was excluded, because they
administered the InCAS assessment in other months. Of the remaining 232 schools
(18,834 pupils), most did not administer InCAS with all years; only 20 schools (3,634
pupils) met this criterion and were included in the analyses.

All but one of the 20 schools selected turned out to be independent schools and not
representative of the demographics of England as a whole. Parents pay substantial fees to
send their children to independent schools. Our knowledge about the pupil backgrounds
is quite limited, as these schools do not publish data on percentages of children receiving
free school meals, average results on statutory examinations in the primary years, and so
forth, on either the Department for Education website or their own websites. We can
report that 6 schools are single-sex schools (5 girls’ schools) and 11 schools admit pupils
from the ages 4 (in some cases as young as 2) through 18 or 19. Five of the schools are
religious schools (3 Roman Catholic; 2 Church of England), and 6 schools provide boarding
facilities, while also having day students who return home every day after school. In the
final section of this paper, we discuss to what extent our findings can be generalized to a
wider population. The basic question in this respect is to what extent the effects of
schooling may be different for pupils of different backgrounds.

The four dependent variables in this study derive from the InCAS assessment.
Through Rasch scaling, the test scores have been equated across Years 1 to 6 and
given age equivalent scores as linear transformation of logits. The first measure, Reading,
includes word recognition (the pupil hears a word and is asked to choose the correct
written version out of five options), word decoding (the pupils must decide which of five
written options matches a nonsense word), comprehension (the pupils must fill in the
missing word in a sentence), and spelling. The second measure, General Maths, relates to
general mathematical comprehension (e.g., interpreting graphs or positioning numbers
on a number line). The third measure, Mental Arithmetic, relates to addition, subtraction,
multiplication, and division. The final measure is called Developed Ability and includes
picture vocabulary (the pupil hears a word and is asked to point to the picture on the
computer screen that represents the word) and non-verbal ability (recognizing patterns).

The two main independent variables are the age of the pupils (on 1 September 2012)
and their age cohort. The age scores are based on year and month of birth. Age is
recoded so that the youngest pupils (born in August 2006) get a zero score. The age
cohort is based on pupil age as well. The first cohort comprises pupils with birthdates
from September 2006 to August 2007. The second cohort comprises pupils born from
September 2005 to August 2006, and so forth. The cohort score is also recoded in such a
way that pupils in the first cohort get a zero score.

In the analysis, we also control for date of testing. Pupils took the tests in the period
from 1 September until 30 November 2012. The date of testing has been recoded so
that its value ranges from 0 to 1. Pupils who took the test on 1 September get a zero
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score, and the ones who took the test on 30 November get the score 1. Test scores on at
least one of the four outcome measures were available for the large majority (97.2%) of
the 3,634 pupils that were enrolled in Years 1 to 6 of the schools included in the analysis.
A small percentage of the pupils (2.8%) had no score on any of the tests. For 91.7% of
the pupils, scores on all four outcomes measures were available. With regard to the
remaining pupils, 4.2% had scores on three outcome measures and 1.3% had scores on
one or two outcome measures. Table 1 reports the descriptive statistics (mean, number,
and standard deviation) per cohort for each outcome measure.

For the large majority of pupils in English primary education, birth cohort and year
group coincide. Pupils with delayed or accelerated school careers are extremely rare. In
the present sample, 98.1% of the pupils were within their expected years (see Appendix
2). Only 0.6% of the pupils were delayed and 1.3% were accelerated. Still, this implies
that a (very) small percentage of the target population is not included in the dataset,
namely, the delayed pupils from the first age cohort and the accelerated ones from the
sixth cohort. Given the small percentages of delayed and accelerated school careers, this
indicates that approximately 0.4% of all pupils from the six cohorts are not included
(about 5 pupils from the first cohort and 10 from the sixth).

Analysis

First of all, we report gross annual gains from Year groups 1 to 6 for the four outcome
measures. These are expressed as effect sizes as defined by Cohen (1988). The differ-
ences in mean achievement scores between two adjacent cohorts are divided by the
pooled standard deviation across all six years (assuming that the standard deviations

Table 1. Descriptive statistics per cohort on four outcome measures.

Cohort
Range of
birthdates Reading

Mental
Arithmetic

General
Maths

Developed
Ability

1 Aug. 2007 Mean 5.37 4.89 6.54 4.66
‒ N 485 515 510 493

Sept. 2006 SD 1.29 1.66 .82 2.12
2 Aug. 2006 Mean 7.14 6.63 7.40 6.71

‒ N 526 519 527 508
Sept. 2005 SD 1.66 1.60 .86 2.19

3 Aug. 2005 Mean 8.72 8.04 8.52 8.79
‒ N 563 570 571 571

Sept. 2004 SD 1.67 1.49 1.05 1.94
4 Aug. 2004 Mean 9.88 9.31 9.45 10.07

‒ N 621 620 629 628
Sept. 2003 SD 1.60 1.42 1.14 1.96

5 Aug. 2003 Mean 10.77 10.20 10.36 11.21
‒ N 644 645 648 651

Sept. 2002 SD 1.54 1.30 1.30 1.86
6 Aug. 2002 Mean 11.53 11.09 11.31 12.18

‒ N 600 593 615 611
Sept. 2001 SD 1.46 1.39 1.29 1.77

1‒6 Aug. 2007 Total N 3439 3462 3500 3462
‒

Sept. 2001
Pooled SD across

cohorts1
1.54 1.48 1.08 1.97

1The pooled standard deviations are used to calculate effect sizes (see Tables 2 and 5), as it seems reasonable to
assume that the standard deviations of the four measures remain essentially the same across years. For General
Maths, the standard deviation appears to increase over time, but the opposite applies for Developed Ability. On
average, no clear trend can be discerned.
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essentially remain the same across years; see note below Table 1). These findings will
serve as a basis for interpretation of the main findings.

The effect of schooling is then estimated by means of a multilevel regression analysis
with age and birth cohort as explanatory variables. Age presents the “forcing variable”, as it
(largely) determines assignment to school years through the cut-off dates (Imbens &
Lemieux, 2008). Multilevel analysis is applied to take into account the clustering of pupils
within schools. The effects of both age and age cohort on learning outcomes are modelled
as a quadratic function, so that curvilinear relationships (especially declining effects of
schooling in the later years) can be detected. We expect to find positive effects of the linear
terms and negative effects of the quadratic terms. This would imply declining effects of
schooling (i.e., age cohort) and a weakening age‒achievement relationship. Using this
parametrization, it is also possible to detect radically different patterns, for example,
increasing effects of schooling or even u-shaped and inverse u-shaped patterns. Gelman
and Imbens (2014) suggest using only linear and quadratic specifications of the forcing
variable and advise against higher polynomial functions as this may produce misleading
results due to overfitting. In the analyses, we control for date of testing, as one may expect
that pupils that took the test at a later date are likely to get somewhat higher scores.

Equation (1) describes the statistical model that is fitted to the data:

Yij ¼ β0 þ β1ageij þ β2ageij
2 þ β3cohij þ β4cohij

2 þ β5tdij þ u0j þ eij (1)

where:
Yij = outcome score of pupil i in school j (four outcome measures in this study);
ageij = pupil’s age (zero score stands for 6 years and zero months on 1 Sept. 2012);
cohij = pupil’s age cohort (zero stands for the youngest cohort);
tdij = date the pupil took the test (zero stands for 1 Sept.; one stands for 30 Nov.);
β0 = intercept (the predicted score if age, coh, and td equal zero);
β1 – β5 = regression coefficients denoting the effects of the independent variables;
u0j = school-specific deviation from the intercept;
eij = pupil-level deviations from the fitted scores.

The model is fitted using the SPSS software Version 23. The model fitted is a random
intercepts model with fixed slopes. This implies that the average level on the outcomes is
allowed to vary across schools, while the effects of the independent variables (age, cohort,
and test date) are fixed (i.e., these effects are not allowed to vary across schools). The
output will show estimates for the intercept (β0) and the five regression coefficients (β1 ‒
β5) and also residual variance at the school level (variance of u0j) and individual level
(variance of eij). Due to the way of coding the explanatory variables, the intercept (β0)
expresses the (fitted) mean score for the youngest pupils in Cohort 1 that took the test on 1
September. From the fitted scores, we can infer the relation between age and outcome
scores. We expect to find discontinuities in the outcome score between the oldest pupils in
one cohort and the youngest in the next cohort. These discontinuities will be reported
using both the InCAS scores and as effect sizes (Cohen’s d). The cohort effects (linear and
quadratic) denote the sizes of these discontinuities. However, as noted in the introduction,
the main question is whether the discontinuities decline in the upper cohorts (i.e., a
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declining effect of schooling). Declining discontinuities indicate declining effects of school-
ing. Decreasing annual gains, as reported by Bloom et al. (2008), do not necessarily imply
declining effects of schooling. Our analyses might reveal a weakening age‒achievement
relationship with stable cohort effects across the entire school career. As noted earlier, it is
conceivable that decreases in annual learning gains are solely due to a weakening age‒
achievement relationship. The major goal of our analyses is to find out if the effect of
schooling declines when controlling for a curvilinear age‒achievement relationship.

In order to illustrate the results of the analyses, the estimated relations between age
and outcomes scores (for each measure) are displayed in a number of graphs. Thus, the
discontinuities between the oldest pupils in each year and the youngest in the next can
be visualized. It should be noted that the effects found in the analyses apply only at the
cut-offs at which the breaks in schooling age occurs. Generalizations or extrapolations
away from the cut-off date (1 September) would go beyond the data. Finally, we report
the effects of schooling from Cohorts 1 to 6 expressed as effect sizes (following Cohen’s,
1988, definition) and as percentages of the total learning gains from Years 1 to 6.

The statistical model that is fitted to the data differs from the standard regression-
discontinuity model. In the standard situation, only one discontinuity is estimated that
denotes the effect of assignment to the treatment versus control group. In the present
study, the number of groups involved and consequently the number of discontinuities is
considerably larger. Moreover, we specifically address the question whether the effects
decline in the later stages of the primary school career. Our statistical model is designed
to answer precisely this question and requires the estimation of only two cohort effects
(linear and quadratic). An alternative approach is to assess the cohort effects separately
for each transition from one cohort to the next. This involves the estimation of five
discontinuities per outcome measure. Findings from analyses based on a standard
regression-discontinuity model will be reported briefly in the Results section. More
details are provided in Appendix 3.

Findings

In Table 2, the annual gains are reported both using the InCAS scores and as effect sizes
(Cohen’s d), that is, the differences between one cohort and the next that can be
inferred from the figures in Table 1 are divided by the pooled standard deviation across
years. This implies that the year-to-year gains are expressed in terms of standard
deviations. For example, Table 1 shows a difference in reading between Cohorts 3 and
4 that is equal to 1.16 (9.88 – 8.72). Divided by the pooled standard deviation (1.54), this
gives an effect of .75.

Table 2. Progress compared to the previous cohort (InCAS scale and Cohen’s d).
Reading Mental Arithmetic General Maths Developed Ability

Cohorts InCAS Cohen’s d InCAS Cohen’s d InCAS Cohen’s d InCAS Cohen’s d

Cohort 2 vs. 1 1.77 1.15 1.74 1.18 0.86 0.80 2.05 1.04
Cohort 3 vs. 2 1.58 1.03 1.41 0.95 1.12 1.04 2.08 1.06
Cohort 4 vs. 3 1.16 0.75 1.27 0.86 0.93 0.86 1.28 0.65
Cohort 5 vs. 4 0.89 0.58 0.89 0.60 0.91 0.84 1.14 0.58
Cohort 6 vs. 5 0.76 0.49 0.89 0.60 0.95 0.88 0.97 0.49
Total 6.16 4.00 6.20 4.19 4.77 4.42 7.52 3.82
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In general, the findings in Table 2 are in line with those reported by Bloom et al.
(2008). Overall, we find decreasing annual growth, although the pattern for General
Maths deviates from the main trend. From Years 1 to 6, the learning gains are large, as
they amount to at least four standard deviations for Reading, Mental Arithmetic, and
General Maths. For the last measure, Developed Ability, which is not as strongly aligned
to the school curriculum, the gain is just slightly less.

The outcomes of the multilevel regression analyses are reported in Table 3. Visual
displays of the relation between age and age cohort as estimated by the multilevel
models are presented in Figures 1 to 4. These figures show for each outcome measure
both the average scores per age and the fitted scores per age. In most respects, the
multilevel analyses yield similar results for all four outcome measures. The linear age‒
achievement relationship is consistently positive and statistically significant. For two
measures (Mental Arithmetic and Developed Ability), the quadratic term for age is
significant (at the .05 level, non-directional) and negative. This indicates a weakening
age‒achievement relationship. The same relationship holds for reading, but in this case
the quadratic term is only significant at the .05 level in a one-tailed test. For General
Maths, the quadratic term is clearly non-significant, and the relationship with age is
linear. The visualisations of the relationship between age and achievement are shown in
Figures 1 to 4.

Table 3. Multilevel analyses – age and schooling coefficients.
Reading Mental Arithmetic General Maths Developed Ability

Fixed effects Coeff. SE Sign. Coeff. SE Sign. Coeff. SE Sign. Coeff. SE Sign.

Intercept 5.030 .202 .000 4.178 .168 .000 6.576 .139 .000 4.365 .259 .000
Age ‒ linear 1.053 .175 .000 1.492 .171 .000 .416 .122 .001 1.760 .200 .000
Age ‒ squared ‒.048 .025 .055 ‒.100 .025 .000 .027 .018 .118 ‒.096 .028 .001
Cohort ‒ linear .862 .163 .000 .408 .158 .010 .507 .114 .000 .552 .185 .003
Cohort – squared ‒.087 .027 .001 ‒.016 .026 .547 ‒.030 .019 .115 ‒.061 .030 .045
Assessment date ‒.211 .246 .392 .105 .239 .661 ‒.414 .188 .028 ‒.417 .339 .218
Variances (residual)
Pupil level 2.042 .049 .000 1.991 .048 .000 1.030 .025 .000 2.632 .064 .000
School level .314 .110 .004 .116 .051 .010 .138 .050 .005 .598 .204 .003
Explained (total) 64.7% 67.5% 69.4% 66.7%

Note: Significance levels relate to non-directional tests (i.e., two-tailed).
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Figure 1. Reading by age; fitted scores and averages by age (month of birth).
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The cohort effects express the difference between the oldest pupils in a lower cohort
versus the youngest in a higher cohort. Thus, they reflect the effect of schooling on the
achievement measures. The linear cohort effects are all positive and statistically signifi-
cant as well. Two quadratic cohort effects are significantly negative (suggesting decreas-
ing effects). These relate to Reading and Developed Ability. For Mental Arithmetic and
General Maths, the quadratic cohort effects are not significant. The cohort effects appear
as discontinuities in Figures 1 to 4. These visualisations show larger discontinuities at the
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Figure 2. Mental arithmetic by age; fitted scores and averages by age (month of birth).
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Figure 3. General maths by age; fitted scores and averages by age (month of birth).
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early stages of the school career. The effect of the assessment date is statistically
significant only for General Maths. Contrary to expectations, the effect is negative. This
implies that, for this outcome, lower scores were attained by pupils that took the test
relatively late in the period from early September until the end of November. The
percentage explained in the total variance indicates that in this dataset, age and school-
ing are associated with about two thirds of the total variance. The percentages of
explained variance are obtained by comparing the school- and pupil-level variances as
reported in Table 3 to the variances when fitting the zero models (see Appendix 4).

Numerical details with regard to the discontinuities between adjacent cohorts are
provided in Table 4. First of all, the fitted scores of the oldest pupils in one cohort and
the youngest in the next are reported. The differences between both scores amount to
the discontinuities that are shown in Figures 1 to 4. These discontinuities express the
effects of schooling. Table 4 shows that the discontinuities (i.e., cohort effects) get
smaller in the later phases of the primary school career. This goes for all four outcome
measures, but the trend is most clearly apparent for Reading and Developed Ability. The
trend is more moderate for Mental Arithmetic and General Maths. With regard to these
latter measures, the evidence for declining cohort effects lacks statistical significance, as
the multilevel analyses do not produce significant quadratic cohort effects (see Table 3).
For both Reading and Developed Ability, the discontinuities between Cohorts 5 and 6
come close to zero. The differences between the youngest pupils in Cohort 6 and the
oldest in Cohort 5 can be attributed almost entirely to age. At this stage of the school
career, the effect of schooling on growth for these two measures appears to be quite
modest. Additional analyses (see Appendix 3) indicate that the cohort effects are not
significant in four instances (Reading, Cohorts 5‒6; Mental Arithmetic, Cohorts 4‒5;
Developed ability, Cohorts 4‒5 and Cohorts 5‒6).

The discontinuities reported in Table 4 can also be expressed as effect sizes and as
percentages of the progress from one cohort to the next. The results are displayed in
Table 5. First of all, the discontinuities from Table 4 are repeated, and in the adjacent
columns they are expressed as effect sizes (Cohen’s d) and as percentage of the total
progress between cohorts. The effect sizes are computed by dividing the discontinuities
by the pooled standard deviations reported in Table 1 (1.54 for Reading, 1.48 for mental
Arithmetic, 1.08 for General Maths, 1.97 for Developed Ability). The percentages of total
progress are computed by dividing the discontinuities by the differences between

Table 4. Fitted scores and discontinuities at the cut-off points.
Reading Mental arithmetic General maths Developed ability

Cohort and age (years-months) fitted scores disc. fitted scores disc. fitted scores disc. fitted scores disc.

Cohort 1; 6‒11 5.85 5.51 6.79 5.70
Cohort 2; 7‒0 6.70 .85 6.01 .50 7.30 .51 6.32 .62
Cohort 2; 7‒11 7.54 7.11 7.75 7.68
Cohort 3; 8‒0 8.23 .69 7.56 .45 8.22 .47 8.18 .50
Cohort 3; 8‒11 8.97 8.48 8.73 9.36
Cohort 4; 9‒0 9.48 .51 8.87 .39 9.17 .44 9.73 .37
Cohort 4; 9‒11 10.14 9.61 9.72 10.73
Cohort 5; 10‒0 10.46 .32 9.96 .35 10.08 .36 10.96 .23
Cohort 5; 10‒11 11.03 10.51 10.69 11.79
Cohort 6; 11‒0 11.16 .13 10.82 .31 10.98 .29 11.84 .05
Total 2.50 2.00 2.07 1.77
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cohort means (see Table 2; e.g., difference between Cohorts 1 and 2 for reading is 1.77;
therefore, .85/1.77 = 48.0%).

When expressed as effect sizes, 15 of the 20 cohort effects are in between .20 and .50.
According to Cohen’s guidelines (1988), this would be within the range from small to
medium. The only case showing a somewhat larger effect size relates to the start of
primary education (Reading, Cohort 1 vs. 2). Three of the four cases with a smaller effect
relate to Developed Ability (Cohort 3 vs. 4, Cohort 4 vs. 5, and Cohort 5 vs. 6). The
remaining case showing a small effect relates to Reading (Cohort 5 vs. 6). The effect sizes
for Developed Ability are the smallest for each and every cohort. The cumulative effect
over all cohorts is less than one standard deviation (.90) for this outcome. For the other
three outcome measures, which are more closely aligned to the school curriculum, the
effect over all cohorts ranges from 1.35 to 2.00.

When the effect of schooling is expressed as a percentage of entire progress from
one cohort to the next, the figures show that for each measure the schooling effects
account for a considerable portion but still less than half of the entire gains. The
percentage is smallest for Developed Ability (23.5%) and largest for General Maths
(43.4%). The percentages also indicate that in the final phase of primary education,
the cohort effects account for a more modest part of the learning gains in Reading and
Developed Ability (17.1% and 5.2%, respectively).

Limitations and discussion

Before discussing the main findings of our study, we will address three limitations of the
present study. The first one relates to the sample size and statistical power. The other
two relate to the external and internal validity of the study.

Sample size and power

At the start of this project, we expected to work with a huge dataset that would include
tens of thousands of pupils and a few hundred schools. Consequently, we assumed
sample size and statistical power to be issues of little relevance. In the end, the analysis
was restricted to a (very) small subset of the original dataset. Although the resulting
dataset can hardly be considered small as it still includes over 3,500 pupils, it needs to
be acknowledged that only 20 primary schools were involved in the analyses.
Considering the main purposes of this study (estimating the effects of schooling and
age‒achievement relationships), this is not a major problem. Due to the small number of
schools, estimates of the standard errors of the school-level variance may be biased, but

Table 5. Discontinuities as effect sizes (Cohen’s d) and percentages of progress between cohorts.
Reading Mental Arithmetic General Maths Developed Ability

disc. d perc. disc. d perc. disc. d perc. disc. d perc.

Coh. 1 vs. 2 .85 .55 48.0% .50 .34 28.7% .51 .47 59.3% .62 .31 30.2%
Coh. 2 vs. 3 .69 .45 43.7% .45 .30 31.9% .47 .44 42.0% .50 .25 24.0%
Coh. 3 vs. 4 .51 .33 44.0% .39 .26 30.7% .44 .41 47.3% .37 .19 28.9%
Coh. 4 vs. 5 .32 .21 36.0% .35 .24 39.3% .36 .33 39.6% .23 .12 20.2%
Coh. 5 vs. 6 .13 .08 17.1% .31 .21 34.8% .29 .27 30.5% .05 .03 5.2%
Total 2.50 1.62 40.6% 2.00 1.35 32.3% 2.07 1.92 43.4% 1.77 .90 23.5%
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the regression coefficients and their standard errors are estimated without bias in
multilevel analysis (Maas & Hox, 2005, p. 90). In the current study, the regression
coefficients denoting the cohort effects and age‒achievement relationships are the
main parameters of interest.

As the size of a sample declines, so does the statistical power (i.e., the probability to
detect effects of a certain size) of the data analysis (Cohen, 1988). With regard to the
present study, it can be concluded on the basis of the outcomes (especially the standard
errors reported in Table 3) that relatively small effects of schooling can still be detected
(assuming a .05 significance level, one-tailed and .80 power). The dataset that was
analysed allows for detection of linear cohort effects that correspond to effect sizes
(Cohen’s d) between .20 and .30. See Appendix 5 for details.

External validity

An important limitation of the present study is that the pupils included in this study
predominantly attended independent schools and cannot be considered a representative
sample of all English pupils. Therefore, it may seem questionable whether our findings can
be generalized to the English pupils in primary education as a whole. Independent schools
charge substantial fees, which only wealthy parents can afford. As family background is
clearly related to school achievement (e.g., Coleman et al., 1966; Strand, 1999), one can
safely assume that the average scores of the pupils in our sample exceed the national
average. The main research question in the present study, however, relates to the effects of
schooling. The fact that pupils with high-income parents generally get higher scores on
educational tests does not necessarily imply that the effect of schooling is stronger for
these pupils. Actually, we expect that the effects of schooling are not radically different for
advantaged and disadvantaged pupils. Even though elaborate sociological theories have
been formulated stating that pupils from disadvantaged backgrounds are bound to profit
less from formal schooling than more advantaged ones (e.g., Bourdieu & Passeron, 1990),
consistent findings from empirical research on comparisons between progress during the
school year versus the summer vacation (when schools are not in session) indicate that
disparities in learning gains mainly develop during the summer period (Alexander,
Entwisle, & Olson, 2007; Downey, von Hippel, & Broh, 2004). When schools are in session,
pupils from advantaged and disadvantaged backgrounds have been found to progress at a
similar pace. In the end, a larger and especially a more representative dataset will be
required in order to arrive at more precise estimates of the effects of schooling at various
stages in the educational career.

Internal validity

Schochet et al. (2010, pp. 2‒3) list the following criteria a study should meet in order to
qualify as a regression-discontinuity study:

(1) “Treatment assignments are based on a forcing variable; units with scores at or
above (or below) a cut-off value are assigned to the treatment group while units
with scores on the other side of the cut-off are assigned to the comparison
group”.
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(2) “The forcing variable must be ordinal with a sufficient number of unique values”.
(3) “There must be no other factor confounded with the forcing variable”.

Appendix 1 provides detailed information to show that the present study meets these
criteria, although there is a problem regarding the third criterion. An additional require-
ment with respect to this criterion is that equivalence should be demonstrated on key
covariates at the cut-off of the forcing variable. As our sample lacks information on pupil
backgrounds (apart from their schools, year groups, and dates of birth), it is impossible
to provide empirical evidence for such equivalence. However, it seems safe to assume
that pupils in adjacent years are highly similar with regard to relevant background
variables. It seems particularly unlikely to find a sudden change in background variables
like IQ, SES, gender, ethnicity, and motivation at the cut-off date. Empirical research that
has addressed this issue indicates a strong consistency of pupil backgrounds between
different school years (e.g., Luyten & De Wolf, 2011). Even when there are indications of
differences between years, corrections for bias in this respect hardly affect the estimated
effects of schooling (Webbink & Gerritsen, 2013, p. 19).

In the present study, the sample includes mainly pupils from independent schools.
These schools charge substantial fees, some provide boarding facilities, some are single-
sex schools, and some are religious schools. As a result, we can expect that the back-
grounds of the pupils will be similar in each and every year.

Discussion of the main findings

This article presents findings regarding the learning gains from Years 1 to 6 of children in
English primary schools on four outcome measures. Through application of a regression-
discontinuity approach, the specific contribution of schooling to the cognitive gains
could be estimated. Regression discontinuity was combined with intention-to-treat
analysis to take into account that some school careers are delayed or accelerated. Our
analyses focused on the differences in test scores between the oldest pupils in one age
cohort and the youngest in the next. We specifically focused on the phenomenon of
declining growth as previously reported by Bloom et al. (2008). More specifically, our
analyses addressed the question if decreasing learning gains can be attributed to
declining effects of schooling.

First, the present study shows weakening age‒achievement relationships for three of
the four outcome measures in our analyses. General Maths is the exception. General
Maths is rather different from Reading and Mental Arithmetic in that new concepts and
procedures are gradually introduced and learned. With regard to Reading and
Developed Ability, we found convincing (i.e., statistically significant) evidence for a
declining effect of schooling. Together with a positive linear relationship, negative
quadratic terms of age and schooling indicate decreasing effects of schooling and
weakening age‒achievement relationships. The additional analyses that are based on
comparisons between two adjacent cohorts (see Appendix 3) indicate significant effects
in most cases. Only 4 out of 20 effects do not reach statistical significance at the .05
level, and all four cases of non-significant effects relate to the final phase of the primary
school career (Cohort 4 vs. 5 or Cohort 5 vs. 6). Especially for Reading and Developed
Ability, the progress which children make in the final years of primary education can
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hardly be accounted for by schooling. It may be that by this age, many children have
learned to read and the focus is then on using those skills to study more specialised
areas of the curriculum. Similarly, Developed Ability may continue to increase but is not
the specific focus of schooling by the end of the primary years. It goes without saying
that future research into the association between progress in reading and developed
ability and schooling would be highly relevant for evaluating the impact of educational
interventions in the final years of primary school. For Mental Arithmetic and General
Maths, the data analysis also revealed negative, but statistically non-significant, quad-
ratic effects of schooling. We consider these results as additional but tentative support
for the supposition that the effect of schooling on learning gains decreases in the later
years of primary education. Still, the analyses clearly indicate that, even if the schooling
effects decrease for Mental Arithmetic and General Maths, the decline is quite modest.

The additional analyses also indicate limited sensitivity of the estimated cohort effects
to the range of birthdates around the cut-off that is used to fit the models. The analyses
reported in Tables 3 to 5 all relate to the entire 6-year age range (birthdates from
September 2001 until August 2007), whereas the analyses in Appendix 3 (Table A4) all
relate to a 2-year age range.

Our findings point in the same direction as the ones presented by Cliffordson (2010) on
maths in Swedish education from Years 6 to 8. If the conjecture that the effects of
schooling decline in higher years is correct, it would imply that the benchmarks for
assessing the impact of educational interventions presented by Bloom et al. (2008) are
still quite ambitious. In general, these benchmarks are more lenient than the broad
guidelines suggested by Cohen (1988). Still, they are based on the gross learning gains
pupils make from one year to the next. The present study confirms the conclusion, already
drawn in dozens of prior studies (e.g., Cahan & Cohen, 1989; Cahan & Davis, 1987; Gormley
& Gayer, 2005; Luyten, 2006) that not all growth made during the school age can be
attributed to schooling. A considerable part of the learning gains in English primary
education can be attributed to schooling, but it should also be noted that schooling
accounts for less than 40% of the total gains. Findings from other countries tend to show
somewhat larger percentages (Luyten, 2006). Still, the present study shows that children
make large learning gains during primary education. The total gain from Years 1 to 6 adds
up to about 4 standard deviations, which is a large amount by all means. Expressed as an
effect size (Cohen’s d), the impact of schooling on learning gains from Years 1 to 6 is 1.62
for Reading, 1.35 for Mental Arithmetic, and 2.07 for General Maths (see Table 5). These are
large effects, also according to the general guidelines proposed by Cohen (1988), even if
they account for less than 40% of the total learning gain.

The findings presented by Bloom et al. (2008) are based on gross annual learning
gains and indicate that the general guidelines suggested by Cohen (1988) may be overly
ambitious for evaluating the impact of educational interventions. For example, a rise in
test scores equal to 0.20 of a standard deviation may already represent nearly half the
annual learning gain in the later years of primary education. Still, this would be a “small
effect” according to the Cohen guidelines. Even the benchmarks based on Bloom et al.
(2008) look ambitious as not all learning gain can be attributed to schooling (in the
present study, it appears to be less than 40%). Using gross annual learning gains as
benchmarks seems problematic, as they capture gains that are both the result of school
and non-school factors. It remains unclear what actually causes the learning gains beside
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formal schooling. In our view, benchmarks that are based on the learning gains that can
be attributed to the effect of schooling would be preferable, although in practice it may
quite challenging to set such empirically based benchmarks.

Bloom et al. (2008) also show that learning gains decline as the school career
progresses. This may suggest that it is appropriate to set lower standards with regard
to the effects of educational interventions in later phases of the school career. This
conclusion may be premature if the declining learning gains are solely due to a
weakening age‒achievement relation and not to declining effects of schooling. To
our knowledge, the present study is the very first to show that not only gross annual
learning gains in basic skills decline in the later years of primary education, but that
this also applies to the effects of schooling. Thus far, this issue has only been
addressed by Cliffordson (2010) with regard to Swedish students in Years 6 to 8.
Initially, the effect of 1 year of schooling may amount to .50, but in the final years, the
effects decrease to near zero for some measures. Our findings also show that both
the size of the effects and their decline may vary considerably across outcome
measures. In other words, when setting benchmarks for the effect of educational
interventions, it is not only important to consider the phase of the educational career
but also the specific measure.

The findings with regard to Developed Ability deserve some specific discussion. This
measure stands out from the other three, as it relates to skills that may largely be acquired
outside school (vocabulary and pattern recognition). In line with our expectations, we found
the smallest schooling effect (Cohen’s d = 0.90) for this measure. However, the schooling
effects for this measure are still substantial, which indicates that they are not confined to
knowledge and skills that are explicitly included in the school curriculum. Similar conclusions
were drawn nearly three decades ago in the study by Cahan and Cohen (1989), in relation to
primary education in Israel. Their analyses provide compelling evidence for the effects of
schooling on general IQ scores, including subtests on topics such as figure classification and
figure analogies. These are topics that receive hardly any attention in school curricula. Even
more surprising is the beneficial effect of schooling on obesity in the United States (von
Hippel, Powell, Downey, & Rowland, 2007). This conclusion is based on a comparison of
growth in children’s body mass index (BMI) during the summer vacation versus kindergarten
and first grade. The study shows considerably faster growth rates during the summer
vacation. Findings like this indicate that schooling can affect pupils in unexpected ways. On
the one hand, the present study andmany others show that not all learning gains in skills that
are generally considered part of the core curriculum (especially language and mathematics)
can be attributed to schooling. On the other hand, we find compelling evidence for effects of
schooling on aspects of cognitive and even physical development that are usually not seen as
primary goals of education. Apparently, schooling may set processes in motion that produce
unanticipated outcomes, and its impact does not stop at promoting basic cognitive skills.

Considering the large number of studies on educational effectiveness (for a recent
overview, see Reynolds et al., 2014), the impact of schooling on the learning gains of
children in general has only been addressed in a limited number of educational studies.
Educational effectiveness research has traditionally focused on comparing different
teaching methods and identifying promising levers for further improvement of educa-
tion. The frequently mentioned phrase “school effect” actually refers to the percentage
of variance in student achievement scores situated at the school level. The famous

20 H. LUYTEN ET AL.



Coleman report (Coleman et al., 1966) provided an estimate of this “effect” for the first
time. The modest amount (15%) was considered as disappointingly small at the time,
but has been confirmed in hundreds of studies (Scheerens & Bosker, 1997). It needs to
be emphasized that this figure expresses variation in achievement scores between
schools. It is perfectly possible that little variation between schools goes together with
a large contribution of education to learning gains in a country (and vice versa). Note
also that the contributions of schooling reported in the present study (in comparison to
studies in other education systems) clearly exceed the 15% “school effect”.
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Appendix 1. Standards for regression discontinuity designs

According to Schochet et al. (2010, pp. 2‒3) a study qualifies as a regression-discontinuity study if
it meets the following criteria:

(1) “Treatment assignments are based on a forcing variable; units with scores at or above (or
below) a cutoff value are assigned to the treatment group while units with scores on the other
side of the cutoff are assigned to the comparison group”.

(2) “The forcing variable must be ordinal with a sufficient number of unique values”.
(3) “There must be no other factor confounded with the forcing variable”.

They note that noncompliance with treatment assignment is permitted as long as the What Works
Clearinghouse (WWC) randomized control trial (RCT) standards for attrition are met. The forcing
variable must include at least four unique values below and at least four unique values above the
cut-off. It is also important that there is no systematic manipulation of the forcing variable. It is
conceivable that in some cases the scores on the forcing variable may be manipulated, so that
certain individuals are made just eligible for the treatment group (e.g., when the score on a test
serves as the forcing variable).

With regard to Criterion 2, it is clear that in the present study the forcing variable is an interval
variable with 72 unique values (12 per year). Regarding Criterion 1, Figure A1 illustrates the close
relation between the forcing variable (age/month of birth) and assignment to year groups. The
discontinuities at the cut-off dates are unmistakable. Nearly all pupils born in the month before
the cut-off (September) are in a lower year than the ones born after the cut-off. Given the very low
percentages of delayed and accelerated pupils (0.6% and 1.3%, respectively), over 98% of the
pupils in our sample are in the “right” year given their date of birth. In English primary education,
the 1 September cut-off-date is applied with great rigour when assigning pupils to school years.

Figure A2 shows the frequency of pupils per age category (month of birth). It is important to
note that this figure shows no signs of discontinuities at the cut-offs that are larger than
discontinuities at other points. All in all, Figure A2 fails to show a clear relation between pupil
age and frequency in the sample. If scores near the cut-off value were manipulated, this would
produce notable discontinuities in frequency near the cut-off dates (i.e., at ages 7, 8, 9, 10, and 11).
In the present case, it does not seem likely that scores on the forcing variable (dates of birth) have
been manipulated to affect assignment to school years.

Two approaches may establish if Criterion 3 is met. The first approach involves demonstrat-
ing equivalence at the cut-off value on relevant covariates. The alternative is to show that there
are no indications of discontinuities away from the cut-off that correspond to alternative
interventions.

1

2

3

4

5

6

6 7 8 9 10 11 12

Y
e

a
r
g

r
o

u
p

Pupil age on 1 September

Average Year Group by Age

Figure A1. Relation between age and year group.

24 H. LUYTEN ET AL.



The first approach is not feasible in the present sample as no information on pupil
backgrounds is available (apart from their schools, year groups, and dates of birth).
However, in the present case, it seems safe to assume that the pupils in adjacent years
are highly similar with regard to relevant background variables. It seems far-fetched to
expect a relation between month of birth and relevant background variables like IQ, SES,
gender, ethnicity, and motivation. The few studies that provide empirical evidence on this
matter (e.g., Luyten & De Wolf, 2011) indicate that pupil backgrounds in different school
years are highly similar. Webbink and Gerritsen (2013) report significant differences between
years, but in their dataset pupils from different year groups did not always attend the same
school. However, even in that case, corrections for sample bias hardly affected the estimated
effects of schooling (Webbink & Gerritsen, 2013, p. 19). In the present study, only schools
were included that had tested their pupils in all years from 1 to 6. Moreover, the sample
consists of pupils in independent schools that attract specific populations. In schools like
this, pupil backgrounds are probably particularly similar from one year to the next.

Figures A3-1 to A3-4 show the average scores on the four outcomemeasures by age. The plots show
some discontinuities at the cut-off dates (especially for the early years), but no discontinuities away from
the cut-off dates.

Table A1 reports the attrition rates in the present study per cohort and outcome measure. Test
scores are available for the large majority (95.4%) of the pupils enrolled in Years 1 to 6 in the
schools that were included in the analysis. According to the attrition standards set by What Works
Clearinghouse (2016), it is important to consider two types of attrition: overall attrition (attrition
for all participants) and differential attrition (differences in attrition between the intervention and
comparison groups). The combination of both attrition rates determines the risk of biased results.
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Figure A3-2. Mental arithmetic scores by age.
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Figure A3-3. General maths scores by age.
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Even with high overall attrition rates (up to 65%), the risk of bias may be low if the differential
attrition rates are very close to zero. In the present study, the overall attrition rates are very low as
they range from 3.7% for General Maths to 5.4% for Reading. This implies that differential attrition
rates up to 10% are still acceptable. The highest differential attrition rate in the present study is
7.1% and relates to Reading in Cohort 1 versus Cohort 2, which implies that attrition does not
seem a likely cause for potential bias. This conclusion is based on the assumption that a liberal
attrition standard is appropriate. If a more conservative standard would be applied, differential
attrition should not exceed 6%. The conservative standard is used in cases when attrition is likely
to be related to the intervention (e.g., a voluntary high school dropout prevention programme). In
our view, the liberal standard is appropriate in the present study. However, with the exception of
the differential attrition between the first two cohorts with regard to Reading, the conservative
standard is met as well.

Appendix 2. School careers by month of birth and cohort

Tables A2 and A3 provide some more details on the prevalence of delay and acceleration in school
careers by month of birth and cohort. First of all, both tables clearly show that delay and
acceleration are extremely rare in English primary education. More than 98% of the pupils in

Table A1. Overall attrition and attrition by treatment.
Reading Mental Arithmetic General Maths Developed Ability Average

Cohort1 10.2% 4.6% 5.6% 8.7% 7.4%
Cohort2 3.1% 4.4% 3.0% 6.5% 3.9%
Cohort3 4.9% 3.7% 3.6% 3.6% 4.1%
Cohort4 3.3% 3.4% 2.0% 2.2% 2.7%
Cohort5 4.0% 3.9% 3.4% 3.0% 3.2%
Cohort6 7.1% 8.2% 4.8% 5.4% 6.8%
Total 5.4% 4.7% 3.7% 4.7% 4.6%

Table A2. School careers by month of birth.
Delayed On Track Accelerated N

September 0.3% 96.0% 3.7% 312
October 0.0% 98.7% 1.3% 282
November 0.0% 98.6% 1.4% 328
December 0.6% 98.7% 0.6% 303
January 0.3% 97.8% 1.9% 304
February 0.4% 98.2% 1.4% 274
March 0.6% 98.5% 0.9% 303
April 0.0% 99.0% 1.0% 287
May 0.3% 99.0% 0.7% 326
June 1.8% 97.4% 0.8% 318
July 0.7% 98.7% 0.7% 287
August 2.8% 96.5% 0.7% 310
Total 0.6% 98.1% 1.3% 3634

Table A3. School careers by cohort.
Delayed On Track Accelerated N

Cohort 1 0.0% 99.1% 0.9% 540
Cohort 2 0.4% 98.0% 1.7% 543
Cohort 3 0.8% 97.6% 1.5% 592
Cohort 4 0.9% 97.5% 1.6% 642
Cohort 5 0.3% 97.8% 1.9% 671
Cohort 6 1.2% 98.8% 0.0% 646
Total 0.6% 98.1% 1.3% 3634
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our sample are on track. Table A2 shows that delay and acceleration are most frequent among
pupils born in the months on either side of the cut-off date. August-born pupils are more
frequently delayed than pupils born in any other month, and acceleration occurs most frequently
among September-born pupils.

Table A3 does not indicate much variation among cohorts. The zero percentages of delay in
Cohort 1 and acceleration in Cohort 6 require some extra comment. The delayed pupils from
Cohort 1 are missing from the sample because they are not yet in Year 1 of primary school, and
the same goes for accelerated pupils from Cohort 6. Our sample only includes pupils in Years 1 to
6, and consequently a small number of pupils from Cohorts 1 and 6 are missing. The number of
missing pupils is probably very small. Considering the percentages of delay and acceleration in the
other cohorts, we estimate that the number of delayed pupils missing from Cohort 1 amounts to
about 5 (less than 1%) and that the number of accelerated ones missing from Cohort 6 amounts to
about 10 (1.5%). It seems unlikely that such small numbers have a substantial impact on the
findings.

Appendix 3. Estimating cohort effects with standard regression

discontinuity

The findings reported in the results section are based on a statistical model that differs from the
standard regression-discontinuity model. In the standard situation, only one discontinuity is
estimated that denotes the effect of assignment to the treatment versus control group. In the
present study, the number of groups involved and consequently the number of discontinuities is
considerably larger. To check the robustness of the findings, the standard regression-discontinuity
model is fitted to the data for five pairs of cohorts (1‒2; 2‒3, etc.) for each outcome measure.
Equation (2) describes this model.

Yij ¼ β0 þ β1ageij þ β2cohij þ β3ageij � cohij þ β4tdij þ u0j þ eij (2)

Cohort amounts to a binary variable. It is customary to recode the treatment variable (cohort)
to zero and one. The forcing variable (age) is centred on the cut-off date. As a result, β0 (the
intercept) denotes the predicted outcome of the oldest pupils in the first cohort, and β2 denotes
the difference in outcome between the oldest pupils in the first cohort and the youngest in the
second cohort. The inclusion of an interaction term of age with cohort denotes that the age‒
achievement relationship may differ between both cohorts. In this case, β1 expresses the age‒
achievement relationship in the first cohort, and β3 indicates to what extent the age‒achievement
relationship is stronger or weaker in the second cohort. This analysis produces a number of cohort
effects (β2), which can be compared to the discontinuities that result from fitting the model
described by Equation (1).

The findings are reported in Table A4. Only the fixed regression coefficients are reported
(variances of u0j and eij are not reported). The table shows that all the intercepts significantly
differ from zero, which is hardly surprising. More important, the age coefficients are also
significant in each of the 20 analyses (at least at the .05 level in a two-tailed test). All cohort
effects are positive, but they are not always significant at the .05 level. Most of the non-
significant effects relate to Developed Ability and/or to the older cohorts. The cohort effects
are clearly not significant in four instances (Reading, Cohorts 5‒6; Mental Arithmetic, Cohorts
4‒5; Developed ability, Cohorts 4‒5 and Cohorts 5‒6). In three instances, the cohort effect is
significant at the .05 level in a one-tailed test but not so in a non-directional test (Developed
Ability, Cohorts 1‒2 and Cohorts 3‒4; General Maths Cohorts 5‒6). The interaction effects of
age with cohort are not significant in most cases. Only two interactions are significant at the
.05 level (two-tailed). This means that from one cohort to the next, the age‒achievement
relationships do not differ significantly. This seems to conflict with the findings presented in
the results section, which indicate weakening age‒achievement relationships for three out-
come measures. On the other hand, Table A4 shows smaller age and cohort coefficients in
the later stages of the primary school career in general. In most cases, the coefficients of test
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date are not significant. This is in accordance with the findings presented earlier, which only
show a significant (but negative) effect) for one of the outcome measures (General Maths). In
the analyses reported in Table A4, three of the exceptions relate to reading. Two of these
significant effects are negative, which implies that pupils score low if they take the test
relatively late. The fourth exception relates to developed ability and again to a negative
effect.

The results reported in Table A4 can be compared to the results based on Equation (1) as
reported in Table 4. In general, the results from Equations (1) and (2) are quite similar. This is
shown in the Figures A4-1 to A4-4, which show the cohort effects based on Equations (1)
and (2). The effects from Equation (1) show a smoothed pattern compared to the effects
based on Equation (2), but both effects reveal a similar, downward trend. The cohort effects
appear to decline near the end of the primary school career.

Appendix 4. Zero models

Table A5 shows the findings when a zero multilevel model is fitted to the data. The main purpose
of these models in the present study is that they serve as a baseline for calculating the percen-
tages of variance explained of the models described by Equation (1). These percentages are
reported in Table 3.
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Figure A4-1. Cohort effects reading; Equation (1) vs. (2).
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Figure A4-2. Cohort effects mental arithmetic; Equation (1) vs. (2).
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Appendix 5. Statistical power

Based on the standard errors reported in Table 3, it is possible to calculate what effects the
analyses were able to detect given a certain level of significance (α) and statistical power (1 – β). It
can be concluded that the dataset that was analysed allowed for the detection of linear cohort
effects that correspond to effect sizes (Cohen’s d) between .20 and .30 at the .05 significance level
(one-tailed) and .80 power.

For example, the analyses show a standard error for coefficient β3 (denoting the linear cohort
effect) equal to .163 (see Table 3). One can calculate the discontinuity that can be detected with
.80 power and .05 significance, by multiplying the standard error by 2.50. This gives a discontinuity
of .408 (see Table A6). The quantity 2.50 is the sum of 1.65 and .85, which are the z values
associated with the .05 and .20 probability levels (α and β, respectively). The discontinuity
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Figure A4-4. Cohort effects developed ability; Equation (1) vs. (2).
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Figure A4-3. Cohort effects general maths; Equation (1) vs. (2).

Table A5. Pupil- and school-level variance.
Reading Mental Arithmetic General Maths Developed Ability

Pupil Variance 6.080 6.228 3.531 8.480
School Variance .600 .258 .280 1.232
Total Variance 6.680 6.487 3.811 9.713
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obtained in this way can be expressed as an effect size (Cohen’s d) by dividing it by the standard
deviation of the outcome measure involved (see Table 1). For Reading, the pooled standard
deviation equals 1.54. Therefore, it can be concluded that the detectable effect size equals .26
(.408/1.54). Table A6 provides numerical details four all four outcome measures.

Table A6. Linear cohort effects detectable at .05 significance (one-tailed) and .80 power.

Outcome
Standard error
(see Table 3) Discontinuity SD Outcome (see Table 1)

Effect size
(Cohen’s d)

Reading 0.163 0.408 1.54 0.26
Mental Arithmetic 0.158 0.395 1.48 0.27
General Maths 0.114 0.285 1.08 0.26
Developed Ability 0.185 0.463 1.97 0.23
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