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Abstract

We synthesise evidence on three selection mechanisms: school choice by random allo-
cation of students, formal (early) and elite tracking — focusing on both average effects
and heterogeneity for low- and high-performing students’ outcomes. By concentrat-
ing only on causal studies which apply robust experimental or quasi-experimental
evidence and using multilevel random-effects meta-regression with cluster-robust
standard errors, we avoid the confounding biases of a limited number of datasets
applied or multiple outcomes from the same author. Across early tracking sys-
tems, mean effects are often reported as negative, and for the random allocation
mechanism and elite tracking, positive. Our results show that grand mean effects
are not entirely consistent with the state of the art. In the case of elite tracking,
we can report only local treatment effects on treated across the cut-off, which is a
small positive. In the case of early tracking, the effect is small and negative, but
the distributional patterns of the effects show that low and high-achieving students
benefit from this selective mechanism. In case of random assignment, the grand
mean effect is zero, but top-performers are hurt by lotteries. So, the applications
of selective school admission mechanisms always contain political choices — who to
grant preferable treatment.

1 Introduction

The Programme for International Student Assessment (PISA) 2022 results reveal a sig-
nificant decline in student achievement, with the average performance across OECD
countries falling by 15 points in mathematics and 10 points in reading—roughly equiva-
lent to half to three-quarters of a school year of learning (OECD, 2023, p. 44). While part
of this decline can be linked to the disruptions caused by the COVID-19 pandemic, evi-
dence indicates that this does not account for the full extent of the downturn. Notably,
data show that high-achieving students have experienced steeper declines than their
lower-achieving peers (ibid. 2023, p. 189), suggesting that the erosion of performance
affects the entire achievement distribution rather than only traditionally disadvantaged
groups.

Against this backdrop, there is a growing policy focus on high achievers. This brings,
among new innovative (digital) solutions, old debates about selectivity in education into
focus. By selection mechanisms, we mean system-level policies such as governance of
parental choice, early (formal) or elite tracking. All these selective mechanisms are often
justified as ways to match instruction with student aptitude and promote the efficiency
of teaching. So, we ask what the cumulative causal evidence is for selective practices on
the achievement of students in mathematics, reading, and writing, and whether these
effects systematically differ by students’ achievement level.

Selective mechanisms structure who learns with whom and where. We study the
effects of three selective mechanisms at the basic school level. First is early tracking —
a formalised policy by which students are assigned to distinct educational pathways —
such as academic, vocational, or intermediate tracks (higher and lower tracks) — typi-
cally around the ages of 10 to 14. Second, elite tracking, by contrast, operates largely



through parental choice: students and families self-select into more prestigious or aca-
demically demanding (elite public or private) schools, based on competitive entrance
criteria. Third, assigning students by lottery, by contrast, aims at equity and fair access
under conditions of oversubscription of schools.

So, in the case of three selective mechanisms, the assignment rules differ — early
tracking is system-wide and affects all students and typically relies on teachers’ recom-
mendations; elite tracking is pushed by (a group of more ambitious) parents by aptitude
tests; choice by lottery is also triggered by parents, but allocation (of the voucher) is
random. Thus, while all three mechanisms allocate students across schools, they dif-
fer fundamentally along two dimensions: who makes the assignment decision (teachers,
parents, or randomization) and whether selection applies system-wide or only at the
margin.

Selective mechanisms inevitably affect peer composition, teacher assignment, and
school environments. However, the object of analysis in this study is not peer effects per
se, but the causal effect of selectivity as an assignment rule. That is, we estimate how
different selection mechanisms — early tracking, elite tracking, and random allocation
— affect student outcomes through the combined bundle of changes they induce, rather
than isolating specific channels such as peer quality or teacher effects. Distinguishing
selectivity effects from individual mechanisms is beyond the scope of this meta-analysis
and would require different research designs.

Our contribution is related to estimating the heterogeneous effects of the selective
mechanism. As well-established literature shows (Woessmann, 2007; Brunello & Checchi,
2007; Hanushek & Woessmann, 2006; Ammermiiller, 2005), early tracking is generally
detrimental to students on average. We show the same, but complement the finding
with subject- and achievement-specific insights and report positive effects on high-and
low achievers. In elite tracking (Clarke 2010; Pop-Eleches & Yrquiola, 2013; Estrada
& Gignoux, 2017), the literature shows positive effects on treated and negative effects
on non-treated, meaning those who were left behind (Schiltz et al. 2019). We report
the same regarding the local effects on treated borderline students who crossed the
threshold and can be defined as low achievers for elite schools. In school choice, the
lottery is expected to equalise the chances but benefit the winners (Shakeel et al., 2021;
Abdulkadiroglu et al., 2011; Angrist et al., 2013; Dobbie Fryer, 2013; Chabrier et al.,
2016). We show that this is not so on average, meaning that the mean effect of winning
is zero, and high achievers perform worse even if winning the lottery.

Our empirical strategy is to combine a database of causal studies published within
the last 20 years and apply a multilevel meta-analytic method designed for dependent
effect sizes. We start from more than 72,000 sources, but after filtering out non-causal,
different outcome and age group studies, we end with 23 studies: 6 from early tracking,
12 from school choice and only 5 from elite tracking. Since many studies in our dataset
report multiple estimates across academic domains, cohorts, or achievement groups,
we employ three-level random-effects meta-regression models that explicitly partition
sampling variance, within-study heterogeneity, and between-study heterogeneity. To en-
sure valid inference under potentially mis-specified dependence structures and a limited



number of studies, we use cluster-robust variance estimation with small-sample correc-
tions. This framework allows us to estimate overall effects as well as mechanism-specific,
domain-specific, and achievement-level effects while appropriately accounting for statis-
tical dependence and heterogeneity across studies.

We continue as follows. First, we briefly discuss the insights from the theoretical
literature and existing meta-studies. Then we concentrate on data, which in our case
are statistics and estimates from quasi-experimental empirical studies and give our esti-
mation strategy based on particularities originating from the data. Finally, we give the
results, their robustness, and discuss the findings.

2 Underpinnings from the literature

Systems with early tracking (e.g., Germany, Austria, the Netherlands) separate students
at a younger age, while comprehensive systems delay such differentiation until later
stages of schooling. Mostly, these decisions are made by combining teacher recommen-
dations with grades or test results. Though mechanisms of early and elite tracking differ
in scope and structure, they share a common goal of aligning instruction with ability.
The state of the art in the literature has been that early tracking is harmful for disad-
vantaged children (Terrin & Triventi, 2023; European Commission, 2022; Matthewes,
2021), leading many continental European countries to adopt de-tracking measures (i.e.
delaying or reducing the separation of students). However, a similar approach is not evi-
dent in several comprehensive systems{]_*-] regarding elite tracking, which relies on entrance
examinations or prior achievement thresholds to track high-achieving students in sepa-
rate, often high-status educational institutions or programs (Horn, 2013). The US school
districts have experimented with centralised mechanisms and randomised allocation in
the case of oversubscription to schools for years, advocating for more fair educational
chances for disadvantaged students (Abdulkadiroglu et al, 2005a; Abdulkadiroglu et al.,
2005b). So, to whom do selective mechanisms benefit?

2.1 System-level (formal) and school-level (elite) tracking

The argument for addressing students’ differing learning needs is based on the fact that
children vary in their cognitive abilities, learning pace and mastery of content. Classic
developmental theories support this idea. For example, Piaget’s theory of cognitive
readiness (1972) suggests that effective learning only happens when instruction matches
the child’s developmental stage. Likewise, Vygotsky’s concept of the zone of proximal
development (1978) — the gap between what a learner can do alone and what they can
achieve with guidance — shows why teaching should be tailored to students’ current
abilities and potential for growth. Later, research in neuroscience also confirms that
students differ in the way they process information, which implies that many benefit
from specialised or adapted instruction (Neubauer & Fink, 2009; Casey et al., 2005).

!Comprehensive systems often just did de-tracking reforms historically earlier, e.g. Finland imple-
mented a detracting reform from 1972-1977 (Pekkarinen et al., 2006); UK in 2000s.



According to the aptitude—treatment interaction theory, teaching is most effective
when instructional methods align with a student’s ability level. Grouping students by
ability can therefore help teachers to appropriately adjust the pace, depth and style of
learning. This logic has a long history in both theory (Cronbach & Snow, 1977; 1986)
and practice, and is supported by empirical work showing that differentiated learning
paths — such as grade-skipping, subject acceleration or enriched curricula — can yield
strong academic benefits without harming students’ social or emotional development
(Tomlinson, 2001; Kulik & Kulik, 1992). From an economic perspective, differentiation
is also linked to the broader value of human capital formation: policies aimed at foster-
ing high achievement contribute to national productivity and innovation by nurturing
scientists, creatives and future leaders.

To further develop this “human capital argument”, it can be argued that it is
grounded in an ideological belief in meritocracy: that individuals should advance on
the basis of ability and effort rather than social background or privilege. From this per-
spective, selective educational arrangements can be viewed as a neutral mechanism for
recognising talent and rewarding achievement, especially when access to selective tracks
is based on standardised criteria. However, there is growing concern that many countries
fail to deliver truly meritocratic education systems (Barone, 2019). Despite the rhetoric
and formal equality of opportunity, structural inequalities such as social class, migration
background and parental education continue to shape educational trajectories from an
early age. This challenges the legitimacy of selective and tracking-based policies that
are not accompanied by strong equity measures.

Within this framework, we distinguish between two forms of selective practices in
education: (early) formal tracking and elite tracking. While both involve differentiation
by academic ability, their allocation mechanism often differs —in the case of elite tracking,
only grades (tests) matter. Unlike early tracking, which can indiscriminately sort large
populations of students and often leads to entrenched disadvantage for low performers,
elite tracking targets top performers (and their ambitious parents) and requires that
schools have autonomy over student admissions. The negative consequences of early
tracking for low-achieving students are well documented (European Commission, 2022;
Bol et al., 2014; Barone et al., 2018; Van de Werfhorst & Hofstede, 2007), and similar
concerns extend to elite tracking. Elite tracking exacerbates disparities by concentrating
resources and opportunities on high achievers (Bygren & Rosenqvist, 2020). At the same
time, a growing body of research suggests that peer composition can play a central role in
shaping outcomes in elite settings. Studies exploiting quasi-experimental variation show
that exposure to high-achieving peers can generate positive academic spillovers for top-
performing students, particularly in high-stakes, exam-based systems (Ding & Lehrer,
2007; Lavy, Silva & Weinhardt, 2012; Mendolia, Paloyo & Walker, 2018). However,
previous meta-review evidence indicates that such peer effects are typically modest on
average and highly heterogeneous, with benefits concentrated among students near the
cut-off point (Terrin & Triventi, 2023).



2.2 School choice: random assignment

School choice is frequently promoted as a strategy to enhance quality through competi-
tion or more dynamic and responsive governance practices; its positive impact on student
outcomes appears contingent on local institutional and contextual conditions (Wilson
& Bridge, 2019; Triventi et al., 2020). Historical trajectory of promoting school choice
through market mechanism "a voucher system that would enable parents to choose freely
the schools that their children attend is the most feasible way to improve elementary and
secondary education in the US" (Friedman 1997) has given ground to “choice-autonomy-
accountability platform”. In more recent formulations, this market logic has evolved into
what is often described as a choice—autonomy-accountability framework, where school
choice is expected to improve outcomes only when combined with meaningful school au-
tonomy, credible accountability mechanisms, and well-informed parental decision-making
(Hanushek et al., 2013; Woessmann et al. 2009). However, as research shows (DeAngelis
& Erickson, 2018; Greaves et al., 2023) the choice-autonomy-accountability framework
often fails in implementation.

In this study, we define school choice narrowly as an allocation mechanism that allows
families to express preferences over schools, with students assigned to oversubscribed
schools by random lottery rather than by aptitude or prior achievement. However,
some threshold can be a prerequisite to be able to join the program. Handling self-
selecting features is crucial for causal identification, as most studies in this literature
must first address the self-selection problem inherent in voucher programmes, whereby
participation is disproportionately driven by families with higher socio-economic status.
Lottery-based designs exploit random variation in access among applicants, thereby
isolating the effect of gaining access to a preferred school, rather than the effect of
choosing per se.

Winning a lottery typically grants students access to schools that differ from their
fallback options, often including private schools with stronger peer environments, greater
autonomy, or distinctive pedagogical practices. In this sense, lottery winners are ex-
pected to benefit from features commonly associated with elite or selective schooling,
albeit without explicit ability-based sorting. However, a key limitation of randomised
school choice as a policy instrument for supporting excellence lies precisely in this neu-
trality with respect to ability: because lotteries do not prioritise high-achieving students,
they may fail to match advanced learners to more demanding educational environments
and may even dilute peer effects at the top of the achievement distribution (Hastings et
al., 2006; Cullen et al., 2006).

In systems where random assignment mitigates self-selection, high achievers might
not benefit from differentiated environments that do not cater specifically to their needs,
as shown also by many authors in Appendix 1. Without institutional (elite) tracking,
enriched curricula or specialised instructional methods that are targeted at advanced
learners, the potential academic benefits of school choice may be minimal.

Previous meta-studies summarising mostly US evidence (e.g. Fryer, 2017; Shakeel et
al., 2021) report null or positive grand mean effects. Shakeel et al. (2021) also report
discipline-specific effects, indicating larger positives for reading than math.



3 Methods and data

3.1 Selection of studies

We conducted a systematic literature search using the EBSCO database filtered through
Scopus as the content provider. This choice was justified by Scopus’s comprehensive cov-
erage and employment of multiple quality indicators, including Source Normalised Im-
pact per Paper (SNIP) and SCImago Journal Rank (SJR), which enable better identifi-
cation of high-quality research through citation-weighted measures of scholarly influence
compared to databases relying solely on journal impact factors.

Our search strategy focused on identifying causal studies of three distinct educational
selection mechanisms: formal tracking (particularly early tracking implemented before
age 12), elite or selective (e.g. private) school admission based on academic merit, and
school choice implemented through random allocation (lottery systems). The search
encompassed studies published between January 2005 and September 2024, reflecting
the period during which rigorous quasi-experimental methods became standard in edu-
cational research.

Studies were eligible for inclusion if they employed causal inference methods, in-
cluding randomised controlled trials or quasi-experimental designs such as difference-
in-differences, regression discontinuity design, or instrumental variable estimation. We
required studies to focus on students aged 15 years or younger at treatment exposure,
measure student achievement in at least one PISA discipline (mathematics, reading,
or science), and provide sufficient statistical information to calculate standardised ef-
fect sizes. Following evidence standards established by the What Works Clearinghouse
(2022), we required at least three independent causal studies per policy mechanism to
ensure a minimum level of replication, as single or paired studies may be idiosyncratic,
context-bound, or underpowered.

The study selection process followed PRISMA 2020 guidelines (Page et al., 2021)
across four stages: identification, screening, eligibility assessment, and inclusion (Figure
1). Three independent reviewers (authors) screened titles and abstracts using predefined
criteria focusing on causal inference methodology, student achievement outcomes, and
relevance to one of the three selection mechanisms. Disagreements were resolved through
discussion among the reviewers. Full-text articles of potentially eligible studies were
retrieved and assessed against complete inclusion criteria. The final sample comprised
studies on early tracking, elite/selective admission, and school choice via lottery.

The geographical distribution of included studies reflects historical patterns in pol-
icy implementation and data availability. Tracking studies predominantly originated
from continental European countries, where early tracking systems have been insti-
tutionalised. Elite tracking studies came from comprehensive systems (e.g. UK and
post-Soviet), while school choice studies were concentrated in the United States, where
lottery-based admission provides natural experiments. Methodologically, tracking stud-
ies most commonly employed difference-in-differences designs exploiting policy reforms,
elite tracking studies typically used regression discontinuity designs leveraging admission
cut-offs, and school choice studies predominantly used instrumental variable estimation,
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Figure 1: PRISMA flow diagram
Notes: This figure presents the standard structure of the PRISMA 2020 flow diagram,
which documents the process of study identification, screening, eligibility and inclusion
in systematic reviews. It distinguishes between records identified via databases/registers
and those identified through other sources. It also tracks the reasons for exclusions and
clarifies the number of studies retained at each stage. Source: Page et al., (2021).




treating lottery offers as instruments for actual attendance.

3.2 Data extraction and effect size calculation

Data records point estimates of treatment effects, standard errors, sample sizes, outcome
measures, study design characteristics, treatment characteristics, and sample character-
istics (see also Appendix 1 for a qualitative description of data). When studies reported
differential effects by baseline achievement level, we extracted separate estimates for
high-achieving students (defined as > PISA proficiency level 5 or > 75th percentile) and
low-achieving students (defined as < PISA proficiency level 2 or < 25th percentile).

To create a common metric across studies using different achievement tests and
reporting formats, we converted all treatment effects into Hedges’ g, a standardised
mean difference correcting for small-sample bias (Hedges, 1981). Effect sizes were calcu-
lated manually for each study using analytic formulas following canonical meta-analytic
methods (Lipsey & Wilson, ZOOl)ﬂ When studies reported effects in standard devia-
tion units (e.g., standardised regression coefficients or Cohen’s d), these were treated
as unbiased estimates of Cohen’s d and converted to Hedges’ g using the appropriate
small-sample correction based on the total analytic sample size. Corresponding sampling
variances were computed analytically rather than inferred from reported confidence in-
tervals. For studies reporting unstandardized coefficients in original test-score units, we
reconstructed standardised mean differences using pooled outcome standard deviations
computed directly from reported group-level statistics when available, or derived ana-
lytically using canonical variance formulas. For studies using PISA outcomes, we used
population standard deviations from PISA technical documentation to ensure consis-
tency across countries and waves.

The hierarchical structure of our data—with multiple effect sizes nested within stud-
ies—necessitated a three-level random-effects meta-regression model. This specification
partitions variance across three levels: Level 1 captures sampling variance of individ-
ual effect sizes due to sampling error; Level 2 accounts for within-study heterogeneity
arising from multiple effect sizes per study (different domains or cohorts); and Level 3
models between-study heterogeneity due to substantive differences across studies. The
full model can be expressed as:

9ij = Bo + ui + uij + €i; (1)

Where g;; is the jth effect from ith study, By is the overall mean effect, u; represents
between-study random effects, u;; represent within-study random effects and e;; repre-
sents the known sampling variance. The variance components partition the heterogeneity
at within-study (w?) and between-study (72) levels. Models were estimated using re-
stricted maximum likelihood (REML) via the metafor package (Viechtbauer, 2009) in
R. The three-level specification with REML as recommended by Pustejovsky and Tip-
ton (2022) for data structure like ours accommodates both within-study correlation in

2Effect size and variance calculations follow canonical meta-analytic formulas and were implemented
manually, with transformations cross-validated against Wilson’s (2023) Effect Size Calculator (version
2023.11.27; Campbell Collaboration). Available at: Effect Size Calculator — Campbell Collaboration.


https://www.campbellcollaboration.org/calculator/equations

sampling errors and hierarchical nesting of effects within studies. The use of fully inverse-
variance weighting in our framework has been shown to yield more precise estimates than
semi-efficient diagonal weights, particularly when moderators vary at the effect-size level
(Pustejovsky & Tipton, 2022)E| . To assess the robustness of our findings to alternative
estimation approaches, we estimated all models using standard robust variance estima-
tion (RVE) methods with method-of-moments variance estimation as implemented in
the robumeta package (Fisher & Tipton, 2017).

To guard against misspecification of the assumed correlation structure, we employed
cluster-robust variance estimation using the CR2 estimator with Satterthwaite small-
sample corrections (Pustejovsky & Tipton, 2022) in three-level random effect models.
This approach treats the study as the primary clustering unit and provides valid inference
even when the assumed dependence structure is incorrect, which is particularly impor-
tant given the modest number of studies typically available in meta-analysis (Hedges et
al., 2010)]

We quantified heterogeneity using the I? statistic, which represents the proportion
of total variation attributable to true heterogeneity rather than sampling error, with
values of 25%, 50%, and 75% interpreted as indicating low, moderate, and high hetero-
geneity, respectively (Higgins et al., 2003). To examine systematic variation in effects,
we conducted separate meta-analyses stratified by selection mechanism (early tracking,
elite tracking, school choice), academic domain (mathematics, reading, science, results
shown in Appendix 2), and baseline achievement level (high-achieving, low-achieving stu-
dents). This stratified approach allowed us to estimate selectivity mechanism-specific,
domain-specific, and achievement-level-specific effects while maintaining the three-level
hierarchical structure with cluster-robust variance estimation within each stratum.

We also test robustness of our findings sensitivity to publication selection bias us-
ing multiple approaches, such as visual inspection of funnel plots, Egger’s regression
test (Egger et al., 1997), and trim-and-fill analysis (Duval & Tweedie, 2000) to esti-
mate the number and impact of potentially missing studies. Because these diagnostic
tools cannot accommodate multilevel data structures, publication bias assessments used
univariate random-effects models fit with the rma() function in metafor, rather than
the three-level multivariate models (rma.mv) used for main analyses. This is standard
practice in multilevel meta-analysis (Assink & Wibbelink, 2016). We considered publi-
cation bias likely when multiple diagnostic approaches converged on similar conclusions

3Pustejovsky and Tipton (2022) show that, for data structures like ours, a three-level specification
with REML estimation and fully inverse-variance weighting can outperform standard RVE methods.
First, they show through simulation that this approach can yield 10-50% more precise estimates than
RVE’s semi-efficient diagonal weights when moderators vary at the effect-size level, as is the case in our
domain and achievement-level analyses. The precision gains stem from fully inverse-variance weighting
that properly accounts for the complete covariance structure within studies. Second, REML estimation
of the three-level model provides estimates of both between-study (r?) and within-study (w?) variance
components, offering richer descriptive information about heterogeneity sources than RVE’s single vari-
ance parameter—particularly valuable given the wide variation in outcome measures, follow-up times,
and treatment conditions in our synthesis.

“The RVE approach uses different assumptions about the within-study correlation structure and
employs residual degrees of freedom rather than Satterthwaite corrections.



and reported both unadjusted and bias-adjusted estimates when adjustment materially
affected conclusions.

4 Results

4.1 Formal early tracking

Figure 2 shows the results of early tracking on students’ performance. While many pri-
mary studies found statistically insignificant effects of early tracking on students’ perfor-
mance, the pooled effect revealed a small negative overall effect on students’ achievement
(g = -0.10, 95% CI [-0.12, -0.08], p < 0.0001, k = 21 effect sizes from 6 studies). This
finding indicates that students in early-tracking systems (tracking before age 12) achieve
approximately 0.10 standard deviation lower in test scores than comparable students in
delayed-tracking or comprehensive systems. Heterogeneity was low across studies (Q(20)
= 15.66, p = 0.74, I? = 0%), with negligible between-study (72 < 0.001) and within-
study (w? = 0.0006) variance components, indicating no variation in tracking effects
beyond sampling error.

The negative average effect of early tracking on students achievement is consistent
across academic domains (see Appendix 2, Figure 2.1), with mathematics showing g =
-0.07 (95% CI [-0.10, -0.04], p = 0.004), reading g = -0.15 (95% CI [-0.23, -0.17], p =
0.0001), and science g = -0.08 (95% CI [-0.13, -0.03], p = 0.015). These results show
that early tracking has the strongest negative impact on reading (0.15 standard devia-
tion decline), approximately twice the magnitude observed for mathematics or science.
This pattern aligns with evidence suggesting that language skills may be particularly
sensitive to early peer effects and classroom interaction, as reading development relies
more heavily on verbal interaction during critical language acquisition periods (Snow et
al., 1998), though our data cannot directly test this mechanism.

Figure 3 presents effect sizes (Hedges’ g) estimating the impact of early tracking on
student achievement separately for high-achieving (upper panel) and low-achieving stu-
dents (lower panel). Even though we rely only on 3 studies, the multiple estimates are
shown for studies reporting effects across different cohorts or domains, which allows us to
make generalisations from existing evidence. The effect of early tracking is statistically
insignificant for both high- and low-achieving students. For high-achieving students (>
75th percentile or PISA Level 5+), early tracking showed a small positive but statis-
tically insignificant effect (g = 0.06, 95% CI [-0.17, 0.28], p = 0.40, k = 13 estimates
from 3 studies). Low-achieving students (<25th percentile or PISA Level <2) showed a
negligible positive effect that is statistically insignificant (g = 0.02, 95% CI [-0.04, 0.07],
p = 0.31, k = 13 estimates from 3 studies). Notably, these subgroup patterns differ
from the overall negative effect (g = -0.10), likely because only three of the six tracking
studies reported achievement-level heterogeneous effects, and the overall negative effect
may be driven primarily by middle-achieving students, not examined separately in sub-
group analyses. That is, high achievers may be buffered by their placement in top tracks
with advantaged peers. Low achievers may receive targeted support. But mid-achieving
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Figure 2: Grand mean effect of early tracking on students’ achievement

Notes: Each study is uniquely labelled by study ID (first three letters of the author’s
name plus year of publication), domain (mathematics, science, or reading) from which the
effect size is estimated, and the survey year(s) from which the primary study conducted
its analysis. Each square represents an individual effect size (Hedges’ g), with horizontal
lines indicating 95% confidence intervals. The diamond represents the pooled random-
effects estimate. Confidence intervals are cluster-robust to account for multiple estimates
per study. Negative values indicate lower achievement in early-tracking systems.
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Figure 3: Heterogeneous grand mean effect of early tracking on students’ achievement

Notes: Each study is uniquely labelled by study ID (first three letters of the author’s
name plus year of publication), domain (mathematics, science, or reading) from which the
effect size is estimated, and the survey year(s) from which the primary study conducted
its analysis. Each square represents an individual effect size (Hedges’ g), with horizontal
lines indicating 95% confidence intervals. The diamond represents the pooled random-
effects estimate. Confidence intervals are cluster-robust to account for multiple estimates
per study. Negative values indicate lower achievement in early-tracking systems.

students fall through the cracks. This finding challenges the common narrative that
tracking primarily harms the lowest performers.

4.2 Elite tracking

Figure 4 shows the results of elite/selective school tracking on students’ performance.
The pooled effect revealed a small positive effect but a statistically insignificant effect
on students’ achievement (g = 0.05, 95% CI [-0.03, 0.13], p = 0.14, k = 12). This
finding indicates that students attending elite or selective schools achieve approximately
0.05 standard deviation higher in test scores than comparable students in non-selective
schools, though not statistically significant. Heterogeneity was high across studies (Q(11)
= 49.66, p < 0.0001, I? = 77.8%), with small between-study (72 = 0.0006) and moderate
within-study (w? = 0.0047) variance components, suggesting considerable variation in
selective school effects both across and within studies. Domain-specific analyses (see
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Figure 4: Grand mean effect of elite tracking on students’ achievement

Notes: Each study is uniquely labelled by study ID (first three letters of the author’s
name plus year of publication), domain (mathematics, science, or reading) from which the
effect size is estimated, and the survey year(s) from which the primary study conducted
its analysis. Each square represents an individual effect size (Hedges’ g), with horizontal
lines indicating 95% confidence intervals. The diamond represents the pooled random-
effects estimate. Confidence intervals are cluster-robust to account for multiple estimates
per study. Negative values indicate lower achievement in early-tracking systems.o account
for multiple estimates per study. Negative values indicate lower achievement in early-
tracking systems.
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Appendix 2, Figure 2.3) reveal a similar pattern across subjects. For reading, the effect
was negligible (g = 0.02, 95% CI [-0.02, 0.06], p = 0.19, k = 5), with no heterogeneity
across studies (Q(4) = 2.94, p = 0.57). Mathematics showed a larger positive but
statistically insignificant effect (g = 0.12, 95% CI [-0.08, 0.32], p = 0.15, k = 5 ),
with substantial between-study heterogeneity (72 = 0.013, Q(4) = 25.07, p < 0.0001).
The larger and more variable effects in mathematics compared to reading may reflect
that mathematics instruction may be more sensitive to peer composition and specialised
teaching resources that vary considerably across elite school contexts, while reading skills
may be more influenced by factors outside the school environment. However, the small
sample size (only 4-5 studies per domain) limits our ability to draw firm conclusions,
and these findings should be interpreted with caution.

4.3 School choice by winning an admission voucher through a lottery

From Figure 4, winning a school admission voucher shows no statistically significant
overall effect on student achievement (g = 0.09, 95% CI [-0.06, 0.24], p = 0.21, k =
24). However, heterogeneity was substantial across studies (Q(23) = 216.54, p < 0.0001,
I? = 97%), with considerable between-study (72 = 0.041) and within-study (w? =
0.008) variance components, indicating marked variation in lottery effects across different
contexts, school types, and student populations.

The null overall effect of winning school admission voucher was consistent across
academic domains (see Appendix 2, Figure 2.2), with mathematics showing negligible
effect (g = -0.03, 95% CI [-0.18, 0.23], p = 0.78, k = 10) and reading showing a small
positive but insignificant effect (g = 0.11, 95% CI [-0.01, 0.23], p = 0.06, k = 10). Both
domains exhibited substantial heterogeneity (mathematics: Q(9) = 78.74, p < 0.0001,
I? = 94.56%; reading: Q(9) = 106.94, p < 0.0001, I? = 91.68%), further underscoring
the context-dependent nature of school choice effects. This high heterogeneity contrasts
sharply with the homogeneous effects observed for early tracking (I? = 0%), suggesting
that lottery-based school choice produces highly variable outcomes that depend critically
on local educational contexts, school characteristics, and student populations. However,
winning a school admission voucher through a lottery shows divergent effects across
achievement levels (see Figure 6). High-achieving students (top third of baseline per-
formance distribution) experience small negative but statistically insignificant effects
(g = -0.06, 95% CI [-0.27, 0.15], p = 0.53, k = 15) on their test scores. In contrast,
low-achieving students (<25th percentile or PISA Level <2) gain a moderate positive
statistically insignificant effect on their test scores (g = 0.21, 95% CI [-0.025, 0.45], p =
0.07, k = 8). The diverging impact of winning admission vouchers through lottery on
students’ test outcomes by achievement level suggests that lottery-based school admis-
sion voucher functions more as an equity-enhancing mechanism than as a tool to foster
academic excellence, benefiting struggling students while showing no benefits or poten-
tially small negative effects for high-achieving students. Our findings further support the
view that, in lottery-based systems, students at the upper end of academic achievement
(and whose parents reveal a strong preference for academic quality) do not necessarily
experience significant achievement gains. Consistent with the interpretation offered by
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Figure 5: Grand mean effect of winning an admission lottery on students’ achievement

Notes: Each study is uniquely labelled by study ID (first three letters of the author’s
name plus year of publication), domain (mathematics, science, or reading) from which the
effect size is estimated, and the survey year(s) from which the primary study conducted
its analysis. Each square represents an individual effect size (Hedges’ g), with horizontal
lines indicating 95% confidence intervals. The diamond represents the pooled random-
effects estimate. Confidence intervals are cluster robust to account for multiple estimates
per study. Negative values indicate lower achievement in early-tracking systems.
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Figure 6: Heterogeneous grand mean effect of winning an admission lottery on students’

achievement

Notes: Each study is uniquely labelled by study ID (first three letters of the author’s
name plus year of publication), domain (mathematics, science, or reading) from which the
effect size is estimated, and the survey year(s) from which the primary study conducted
its analysis. Each square represents an individual effect size (Hedges’ g), with horizontal
lines indicating 95% confidence intervals. The diamond represents the pooled random-
effects estimate. Confidence intervals are cluster-robust to account for multiple estimates
per study. Negative values indicate lower achievement in early-tracking systems.
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Hastings et al. (2006), that the lottery assignment expands access for students with
weaker prior motivation or, alternatively, that winning a lottery reduces incentives to
exert effort once admission to a preferred school is secured.

4.4 Robustness of the results

We report our baseline finding of grand mean effects in Table 1, complemented with
RVE estimates (Model 2). In general, RVE estimates show the same pattern of non-
significant effects for both high achievers (g = 0.100, p = 0.295) and low achievers (g =
0.023, p =0.245), though with somewhat wider confidence intervals reflecting the more
conservative variance estimation approach. The substantive conclusions are unchanged:
early tracking produces small negative average effects, with no clear evidence of harm
to students at either tail of the achievement distribution. The results are also robust to
RVE methods in the case of elite tracking. The overall effect remains small and statis-
tically insignificant (g = 0.053, 95% CI [-0.037, 0.144], p = 0.163), with nearly identical
heterogeneity (I? = 83.47%). Domain-specific RVE estimates likewise show no signifi-
cant effects: reading (g = 0.021, p = 0.349) and mathematics (g = 0.127, p = 0.159).
The consistency of point estimates and inference across estimation methods strength-
ens confidence that elite tracking produces small, insignificant effects for students near
admission cutoffs, though substantial heterogeneity across contexts remains.

And finally, also in the case of randomised school choice, the robustness checks us-
ing RVE yield substantively identical conclusions. The overall effect remains null (g =
0.080, 95% CI [-0.052, 0.213], p = 0.207) with comparably high heterogeneity (I?> =
86.36%). Domain-specific estimates are consistent: mathematics (g = 0.010, p = 0.914,
I? = 88.32%) and reading (g = 0.111, p = 0.085, I? = 92.12%). Critically, the divergent
pattern by achievement level persists: high achievers show small negative effects (g =
-0.052, p = 0.566, I? = 96.35%) while low achievers show positive effects approaching
significance (g = 0.189, p = 0.0997, I? = 63.20%). The convergence of findings across es-
timation methods, despite different variance assumptions and degrees-of-freedom correc-
tions, provides strong evidence that lottery-based school choice produces heterogeneous
effects that favour low achievers while offering no clear benefits to high achievers.

4.5 Publication selection bias and sensitivity analysis

We assessed the potential influence of publication selection using funnel plots and regression-
based tests of funnel plot asymmetry across all three school selectivity mechanisms (Fig-
ure 7). Visual inspection of the funnel plots did not reveal systematic asymmetry for any
of the interventions, and formal regression tests were consistent with this impression.

For school choice via admission lottery vouchers, the distribution of study estimates
was broadly symmetric around the pooled effect. The regression test showed no evidence
of funnel plot asymmetry. Trim-and-fill analysis suggested two potentially missing stud-
ies on the left side, resulting in a slightly smaller adjusted estimate, though the direction
remained the same. Between-study heterogeneity was high, indicating substantial vari-
ation in effects across studies. These results suggest that the estimated effects of school
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choice by winning admission vouchers on students’ test scores are unlikely to be sub-
stantially distorted by selective publication.

A similar pattern emerged for early tracking. The funnel plot showed no clear evi-
dence of asymmetry, and the regression test confirmed no significant funnel plot asym-
metry. Trim-and-fill analysis imputed two studies on the right side, yielding a nearly
identical adjusted estimate. Between-study heterogeneity was low, suggesting high con-
sistency across studies. These findings indicate that the main conclusions regarding early
tracking are robust to plausible forms of publication selection.

To further probe potential heterogeneity in publication bias, we conducted separate
analyses by achievement group and selectivity mechanism (Figure 8). For the lottery-
based admission voucher, the funnel plot for high-achieving students did not reveal
systematic asymmetry and trim-and-fill analysis imputed zero missing studies on both
sides. For low-achieving students, the funnel plot showed some visual asymmetry, and
the regression test revealed statistically significant funnel plot asymmetry. However,
trim-and-fill procedures imputed zero missing studies on both sides, with the pooled es-
timate remaining unchanged. Despite the detected asymmetry among low achievers, the
substantive finding of positive effects for this group persisted across sensitivity analyses.

For elite tracking, the funnel plot showed reasonable symmetry around the pooled
effect, and the regression test revealed no evidence of funnel plot asymmetry. Trim-and-
fill analysis imputed three potentially missing studies on the right side, resulting in a
slightly larger adjusted estimate, though the direction and general magnitude remained
similar. Between-study heterogeneity was high, reflecting considerable variation across
studies. While the adjusted estimate shifted slightly upward, the overall pattern sug-
gests that publication selection is unlikely to fundamentally alter conclusions about elite
tracking effects.

For early tracking, the subgroup analyses suggested slightly more scope for asym-
metry, particularly among studies focusing on high-achieving students. Trim-and-fill
procedures imputed some potentially missing studies, primarily on the right side of the
funnel. However, even after these adjustments, the pooled estimates for both high- and
low-achieving students remained small in magnitude and close to the original estimates.
Importantly, the substantive interpretation of the results—mamely, that early tracking
effects are modest and do not reverse sign after accounting for possible publication se-
lection—was unchanged.
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Table 1: Main Effects and Robustness Checks: Three-Level Random-Effects Models (Model 1) and Robust Variance Esti-
mation (Model 2)

Model 1 Model 2
Outcome Est. Lower Upper 72 w2 I? (%) Est. Lower Upper 72 1I? (%) | k m
. -0.100%** -0.099**
ALL Early tracking (0.007) -0.118 -0.082 0.000 0.001 11.54 (0.010) -0.148 -0.049 0.000 4.04 (21 6
o 0.088 0.080
Winning a lottery (0.066) -0.060 0.236 0.041 0.008 97.00 (0.059) -0.052 0.213 0.017 86.36 |24 11
. . 0.051 0.053
Elite tracking (0.028) -0.026 0.128 0.001 0.005 83.33 (0.030) -0.037 0.144 0.005 83.47 |12 5
. -0.150%** -0.147%*
READING Early tracking (0.010) -0.172 -0.126 0.000 0.000 0.00 (0.010) -0.207 -0.087 0.000 0.00 [10 6
o 0.110 0.111%*
Winning a lottery (0.051) -0.006 0.227 0.000 0.022 91.68 (0.056) -0.019 0.241 0.023 92.12 {10 9
Elite tracking (88?;) -0.019 0.060 0.000 0.000 0.00 (883é) -0.052 0.093 0.000 0.00 |5 4
- *k -
MATH Early tracking ?00(?182) -0.100 -0.035 0.000 0.000 0.00 ((?(?1668) -0.185 0.049 0.000 0.00 |6 5
o 0.026 0.010
Winning a lottery (0.087) -0.176 0.227 0.000 0.069 94.56 (0.089) -0.197 0.216 0.031 88.32 |10 9
. . 0.124 0.127
Elite tracking (0.063) -0.077 0.324 0.013 0.000 84.63 (0.065) -0.097 0.35 0.014 86.54 | 5 4
. -0.079* -0.078
SCIENCE Early tracking (0.016) -0.128 -0.029 0.000 0.000 0.00 (0.021) -0.251 0.095 0.000 0.00 |5 4
. 0.056 0.100
HIGH ACHIEVERS Early tracking (0.052) -0.169 0.281 0.006 0.000 27.20 (0.055) -0.409 0.608 0.003 23.92 |13 3
o -0.058 -0.052
Winning a lottery (0.089) -0.269 0.153 0.046 0.022 96.41 (0.085) -0.255 0.152 0.097 96.45 |15 8
. 0.017 0.023
LOW ACHIEVERS Early tracking (0.013) -0.037 0.070 0.000 0.000 0.00 (0.009) -0.090 0.135 0.000 0.00 (13 3
o 0.214 0.189*
Winning a lottery (0.085) -0.025 0.452 0.027 0.000 75.93 (0.080) -0.067 0.446 0.014 63.20 | 8 5

Notes: Model 1 reports meta-regression results from a three-level random-effects model estimated using restricted maximum likelihood (REML) via the metafor
package. Model 2 reports meta-regression results using robust variance estimation (RVE) with method-of-moments variance estimation, implemented in the
robumeta package. 72 denotes between-study variation in true effect sizes, w? denotes within-study variation in true effect sizes, and 12 denotes the proportion
of total variation attributable to true heterogeneity rather than sampling error. k is the number of effect sizes and m is the number of studies. Both models
employ cluster-robust variance estimation (Model 1: CR2 estimator with Satterthwaite degrees of freedom; Model 2: CR1 estimator with residual degrees of
freedom). Robust standard errors are reported in parentheses. ***p < 0.01, **p < 0.05, *p < 0.10.



Overall, across mechanisms and achievement groups, the combined evidence from
funnel plots, regression diagnostics, and trim-and-fill sensitivity analyses provides little
support for the notion that publication selection bias materially influences the results.
The central conclusions regarding the effects of lottery-based school choice and early
tracking, as well as their heterogeneity by achievement level, therefore appear robust.
Beyond publication selection bias, we assessed robustness to alternative meta-analytic es-
timation approaches. Results from robust variance estimation using method-of-moments
variance estimation (robumeta package; Model 2 in Appendix 1, Table A2) are substan-
tively identical to our primary three-level random-effects models estimated with REML
(metafor package; Model 1). Point estimates differ by no more than 0.02 standard devia-
tions across all comparisons, confidence intervals show substantial overlap, and statistical
inference (significant vs. non-significant) is consistent for all main effects and most sub-
group effects. This convergence across modelling approaches, combined with limited
evidence of publication bias, strengthens confidence in the robustness of our findings.

5 Conclusions

Motivated by dropping students’ outcomes globally and especially in the case of high-
achievers, we studied the meta-effects of the three selective mechanisms in education
— early (formal) tracking, elite (school) tracking and assignment by lottery. We asked
whether the heterogeneous effects by achievement levels of these mechanisms differ, so,
unintentionally, by aligning policy to the mean student, we might hurt some achievement
groups of students? The first mechanism — formal and early tracking — is applied by many
continental European countries at the system level. From the early 2000s, the negative
mean effects of tracking have been well reported, and many countries have postponed
the age of first tracking. As tracking is a system-level phenomenon, most causal studies
apply DiD as a methodology with synthetic controls and report average treatment effects
on treated (e.g. tracked to lower track). Relying on 7 studies, we show negative mean
effects of tracking, while tracking can be beneficial for both high-and low-performing
students. So, neither high-achieving nor low-achieving students showed clear harms
from early tracking, suggesting that the overall negative effect is concentrated among
middle-achieving students. — a group often overlooked in tracking debates that focus on
the extremes of the achievement distribution. So the policy advice is not straightforward
— with de-tracking policy, the academic outcomes of low- and high-achieving students can
diminish. These findings should not be interpreted as an argument for early tracking as a
policy instrument per se. Rather, they indicate that instructional differentiation—when
credibly implemented—can generate gains at both ends of the achievement distribution.
Whether early tracking delivers such differentiation in practice remains an institutional
and political question.

The second selective mechanism, elite tracking, defined as admission to selective
public or private schools based on prior achievement or entrance examinations, presents
a markedly different pattern. In contrast to early tracking, average treatment effects
cannot be estimated; instead, we rely on (local) treatment effects on treated, that is,
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Figure 7: Funnel plots and publication bias assessment by selection mechanism

Notes: Funnel plots display observed effect sizes (Hedges’ g) against their standard errors
for studies of lottery voucher-based school choice (k = 240), early tracking (k = 21) and
elite tracking (k = 12). Vertical dashed lines indicate pooled random-effects estimates;
diagonal lines represent 95% pseudo-confidence limits. Regression tests for funnel plot
asymmetry (Egger-type tests with standard error as predictor) showed no evidence of
asymmetry for lottery voucher-based choice (z = 0.23, p = 0.82), early tracking (z =
-0.36, p = 0.72) or elite tracking (z = -0.11, p = 0.91). Trim-and-fill analyses suggested
modest adjustments: for school choice by winning admission voucher through lottery, two
potentially missing studies on the left yielded g =0.037; for early tracking, two missing
studies on the right yielded g = 0.10; for elite tracking, three potentially missing studies
on the right yielded g = 0.074. Heterogeneity patterns varied substantially: high for
school choice (I? = 96.61%) and elite tracking (I? = 84.38%), but low for early tracking
(I* = 10.58%).
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Figure 8: Funnel plots and publication bias assessment by selection mechanism and

achievement level

Notes:Funnel plots display observed effect sizes (Hedges’ g) against standard errors sepa-
rately by achievement group and selectivity mechanism. For lottery-based choice, regres-
sion tests indicated no funnel plot asymmetry for high achievers (z = 0.28, p = 0.78; limit
estimate b = -0.11, 95% CI [-0.41, 0.18]; k = 15) but statistically significant asymmetry
for low achievers (z = 2.63, p = 0.009; b = 0.01, 95% CI [-0.10, 0.12]; k = 8). Trim-
and-fill analyses imputed zero missing studies for both subgroups, with adjusted pooled
effects identical to the original estimates (high achievers: g =-0.07, 95% CI [-0.24, 0.06];
low achievers: g = 0.22, 95% CI [0.08, 0.35]). For early tracking, regression tests showed
no statistically significant asymmetry (high achievers: z = -1.73, p = 0.08; b = 0.13, 95%
CI [0.04, 0.23]; low achievers: z = -1.48, p = 0.14; b = 0.05, 95% CI [-0.03, 0.12]; k =
13 in both groups). Trim-and-fill procedures suggested potential missing studies on the
right side of the funnel, imputing seven studies for high achievers (adjusted g = 0.12,
95% CI [0.03, 0.20]; k = 20) and six studies for low achievers (adjusted g = 0.03, 95%
CI [-0.01, 0.07]; k = 19). Original pooled effects prior to adjustment were small for both
groups (high achievers: g = 0.04, 95% CI [-0.04, 0.13]; low achievers: g = 0.02, 95% CI
[-0.02, 0.06]). Heterogeneity remained low to moderate across all subgroup analyses.
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for students who marginally cross the admission threshold. The estimation strategy
in this case is exclusively RDD design. Elite tracking can occur at different transition
points, including from primary to lower-secondary education or from lower-secondary to
upper-secondary education, but in all cases the identified effects are local by construc-
tion. Across studies, these local effects are on average small and positive for treated
students, indicating modest gains from access to elite schools for marginal admitted stu-
dents At the same time, the literature consistently documents zero or negative effects
for non-treated students who remain in non-elite schools, implying that elite tracking
redistributes educational opportunities rather than uniformly raising achievement. As a
result, elite tracking does not generate system-wide efficiency gains comparable to those
hypothesized for early tracking. Instead, its consequences are inherently distributional,
benefiting a narrow group of students at the admission margin while potentially disad-
vantaging those who are left behind. From a policy perspective, elite tracking therefore
represents a selective expansion of opportunities rather than a Pareto-improving reform.

Third, school choice policies are often promoted to enhance educational outcomes
through competition and alignment with student preferences. To increase access to a
preferred school, lotteries (in the USA) are increasingly used. We identified nine studies,
mostly applying instrumental variable regressions, and show that random allocation is
neutral to mean outcomes and does not inherently support high achievement. We report
the average causal effect for compliers — LATE. Similarly to our general conclusion,
Abdulkadiroglu et al. (2018) and Terrin & Triventi (2023) highlight that the introduction
of school choice mechanisms (e.g. lotteries, vouchers or open enrolment) can redistribute
students across schools, but do not consistently lead to better academic outcomes for
the average or high-performing student when the choice process is equity-driven and
randomised.

However, the execution and broader context of school choice policies can radically
alter their effect on high achievers. In quasi-markets, where both public and private
schools compete for students, and parents act as "consumers", school choice tends to
amplify stratification. Evidence (Zimmer et al., 2010, Rosenqvist & Brandén, 2025)
shows that schools increasingly differentiate themselves in terms of their performance,
discipline or selectivity, and high-achieving students — often from more advantaged back-
grounds — self-select into elite institutions. In such contexts, school choice turns from
equity-driven to a selective mechanism (elite tracking) where information asymmetries
and parental engagement can produce highly unequal outcomes. What if the alloca-
tion principle is not lottery, but deferred acceptance algorithm (see the methodology
debates on complexities of estimation in Abdulkadiroglu et al. 2017), ibid (2017) show
that such a central allocation benefits student in all three “PISA disciplines” on average
(no heterogeneous effects estimated). So, it can be argued that the negative effect of
school random allocation can be explained by peer effects (Ding & Lehrer, 2007; more
literature).

Several limitations should be acknowledged when interpreting our findings. First,
although we apply multilevel meta-analytic methods, the available causal evidence re-
mains limited in scope, particularly for elite tracking and for heterogeneous effects by
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achievement level, where the number of contributing studies is small. This constrains sta-
tistical power and limits the precision of subgroup estimates, especially for low-achieving
students in lottery-based school choice. Second, the studies included often span from
homogeneous institutional contexts, which may limit the external validity of pooled es-
timates for any specific education system, especially in the case of randomised lotteries.
Third, our analysis focuses on short- to medium-term achievement outcomes in math-
ematics, reading, and science; longer-term outcomes such as educational attainment,
labour-market performance, or non-cognitive skills are not systematically captured. Fi-
nally, while our meta-analytic framework identifies average and distributional effects, it
cannot fully disentangle underlying mechanisms — such as peer effects, instructional dif-
ferentiation, or behavioural responses to selection — whose relevance likely varies across
settings.
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Appendix 1 : Description of the studies included in the meta-analysis

1A. Early Tracking

Author Treatment Main Findings Effect Country/Age
Sizes
Matthewes (2021) Delayed tracking Delaying tracking improves average test scores; gains 2 Germany, Grades 5—7
concentrated among students in the lower tail of baseline
achievement.
Piopiunik (2021) Reduction of tracking Reducing track intensity improves student performance, 3 Germany, Grades 5-10
intensity (DiD) particularly for lower-performing boys and disadvantaged
students.
Roller & Steinberg Preponement of tracking Average effects are statistically insignificant. Students in the 5 Germany, Grade 9 (age ~15)
(2020) (DiD, CiC) bottom 20% are negatively affected, while students in the top
20% benefit from early tracking.
Lavrijsen & Nicaise Early tracking before age Early tracking negatively affects average reading performance. 40 Cross-national, ages 10—15
(2016) 15 (DiD) Low-achieving students experience clear negative effects, while
evidence for high-achievers is inconclusive.
Piopiunik (2014) Preponement reform Earlier tracking reduced performance in low- and middle-track 3 Germany, Grades 46
(DDD) schools and increased the share of low-performing students in
lower tracks.
Jakubowski (2010) Tracking before age 15 No clear negative impact of early tracking on mean 12 Cross-national (15-23

(DDD)

achievement or inequality once survey differences and Eastern
European effects are controlled for.

countries), ages 9-15
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1B. Elite Tracking

Author Treatment Main Findings Effect Country/Age
Sizes

Shi (2020) Selective boarding school Selective public boarding schools generate modest gains in 2 USA, Grades 11-12
admission (RDD) SAT math scores, concentrated among disadvantaged and

lower-achieving students; no significant gains for
high-achievers.

Dustan et al. (2017) Admission to elite public Admission to an elite high school increases end-of-high-school 2 Mexico (Mexico City), Upper
high schools through a mathematics test scores for marginally admitted students but secondary school entry (age
centralized exam-based substantially raises the probability of high school dropout. The ~15-18 years)
allocation system / fuzzy negative effects are strongest for students with weaker prior
RDD exploiting admission achievement and for those facing longer commuting distances.
cut-offs Overall, elite school admission involves a trade-off between

modest academic gains and a significantly higher risk of
dropout.

Abdulkadiroglu et al. Eligibility for and Attending an elite exam school has no statistically significant 4 USA (Boston and New York

(2014) attendance at elite public effect on students’ achievement on state tests, PSAT/SAT City), Grades 7-10 entry
exam schools based on participation and scores, or AP outcomes for marginal cohorts (age ~11-15 years)
admission cut-offs / fuzzy applicants. Small positive effects are found for specific
RDD (exam score subgroups, but overall achievement gains are negligible,
thresholds used as an suggesting limited value added for borderline students.
instrument for attendance)

Pop-Eleches & Urquiola  Gaining access to a Attending a higher-achievement secondary school improves 1 Romania, age 14-19 years

(2013) better-ranked secondary students’ graduation exam scores. Some offsetting short-run
school / RDD based on behavioural responses occur: parents reduce support, students
centralised admission score feel academically marginalised, and more qualified teachers
cut-offs sort toward higher-achieving peers. Top-tercile students benefit

more than lower-performing peers.
Clark (2010) Admission to selective Attending a selective grammar school has at most small and 3 United Kingdom (England),

(grammar) schools based on
entrance exam thresholds /
fuzzy RDD exploiting test
score cut-offs

statistically insignificant effects on students’ test scores,
despite large peer differences. However, selective school
attendance increases academic course-taking and university
enrolment, suggesting effects on longer-term educational
trajectories rather than short-term test score performance.

Secondary school entry

(grammar schools), age ~11-16

years
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1C. School choice: random assignment
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Author Treatment Main Findings Effect Country/Age
Sizes
Ketel et al. (2023) Lottery-based assignment Lottery losers show no negative academic or behavioural effects 3 Netherlands, ages 12-18
(regression) despite assignment to less preferred schools. No significant
heterogeneous effects by baseline achievement.
Abdulkadiroglu et al. Voucher offer (RCT, IV) Small positive overall effects of vouchers; negative effects for 6 USA, Grades 6-8
(2018) high-achieving students, suggesting insufficient differentiation
for top performers.
Mills & Wolf (2017) Voucher lottery (RCT) Voucher use led to significant negative effects in math and 8 USA (Louisiana), Grades 3-8
ELA after two years. Negative effects were strongest for
initially higher-achieving students.
Angrist et al. (2016) Charter lottery (2SLS) Charter attendance increases pass rates on high-stakes exit 6 USA (Boston), ages 15-16
exams, improves SAT and AP participation, and shifts
students toward four-year colleges. Positive heterogeneous
effects are observed.
Wolf et al. (2015) Voucher lottery (field Voucher effects are positive only in English after two years and 2 India (Delhi), ages 6-14
experiment) concentrated among girls; no significant effects in mathematics
or by achievement level.
Deming et al. (2014) Lottery to preferred public Winning a lottery increases college degree completion for girls 3 USA (North Carolina), ages
school (RCT) and improves GPA and college-prep coursework. Gains are 11-16
concentrated among students accessing higher-quality schools.
Hastings et al. (2012) Charter/magnet lottery Substantial test score gains from charter attendance; some 3 USA, ages 14-16
(2SLS) positive effects for high-value-added magnet schools.
Abdulkadiroglu et al. Charter /pilot lottery Large and significant test score gains for charter lottery 4 USA (Boston), ages 14-16
(2011) (2SLS) winners; pilot school effects are small and mostly insignificant.
Jin et al. (2010) Voucher lottery (CACE New methodology to address noncompliance and missing data; 4 USA (NYC), ages 6-14
model) moderate positive effects for initially low-scoring students, no
significant effects for high achievers.
Cowen (2008) Voucher lottery (CACE) CACE estimates produce smaller treatment effects than IV 2 USA (Charlotte), age 8
estimates, highlighting the importance of compliance
adjustment in voucher evaluations.
Cullen et al. (2006) Randomised lottery Lottery winners attend higher-quality schools but show little 4 USA (Chicago), high school

admission (ITT)

consistent improvement in academic outcomes; some gains in
non-academic outcomes. Negative effects are observed for high
achievers.

students
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Figure 9: 2A. Grand mean effect of early school tracking on students’ performance by

domain

Obzervead Oultome

Notes: Studies are uniquely labelled by study identifier (first three letters of the first
author’s surname and year of publication), academic domain (reading, mathematics,
or science), and the survey year(s) used in the original analysis. Panels report results
separately for reading, mathematics, and science outcomes. Each square represents an
individual standardised effect size (Hedges’ g), with horizontal lines indicating 95% con-
fidence intervals. The diamond denotes the pooled random-effects estimate within each
domain. Confidence intervals are cluster-robust to account for statistical dependence
arising from multiple estimates drawn from the same study. Negative values indicate
lower achievement in early-tracking systems relative to comprehensive systems.
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Figure 10: 2B. Grand mean effect of winning the school admission lottery on students’
performance by domain

Notes: Studies are uniquely labelled by study identifier (first three letters of the first
author’s surname and year of publication) and the survey year(s) used in the original
analysis. Panels report results separately for reading and mathematics outcomes. Each
square represents an individual standardised effect size (Hedges’ g), with horizontal lines
indicating 95% confidence intervals. The vertical dashed line denotes no effect. The
diamond represents the pooled random-effects estimate within each domain. Confidence
intervals are cluster-robust to account for statistical dependence arising from multiple
estimates drawn from the same study. Positive values indicate higher achievement asso-
ciated with winning a school admission lottery.
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Figure 11: 2C. Grand mean effect of elite tracking on students’ performance by domain

Notes: Studies are uniquely labelled by study identifier (first three letters of the first
author’s surname and year of publication) and the survey year(s) used in the original
analysis. Panels report results separately for reading and mathematics outcomes. Each
square represents an individual standardised effect size (Hedges’ g), with horizontal lines
indicating 95% confidence intervals. The vertical dashed line denotes no effect. The
diamond represents the pooled random-effects estimate within each domain. Confidence
intervals are cluster-robust to account for statistical dependence arising from multiple
estimates drawn from the same study. Positive values indicate higher achievement asso-
ciated with winning a school admission lottery.
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