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ABSTRACT

The Causal Impact of School-Meal
Programmes on Children in Developed
Economies: A Meta-Analysis®

This paper is the first to meta-analyse the literature on the causal effects of school-meal
programmes on children’s behavioural, health and educational outcomes in developed
countries, while addressing potential publication bias and heterogeneity between studies.
We create a sample of 2,821 estimates from 42 studies and gather 59 aspects reflecting
the context in which each estimate was obtained, including type of data, programme
characteristics, student population, estimation method and publication quality, among
others. We employ both linear and non-linear techniques to correct for publication bias,
and we use Bayesian model averaging to study heterogeneous effects and address model
uncertainty. The results are consistent with small publication bias — with the exception
of studies devoted to analysing test scores, which appear more selective when reporting
results. Once publication bias is accounted for, we find that school-meal programmes
in high-income economies have minimal impact on students’ behaviour, health and
education. Our heterogeneity analysis documents the fact that means-tested programmes
and breakfast initiatives yield the greatest benefits for children’s outcomes.
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1 Introduction

School-meal programmes are often credited with offering benefits to children across sev-
eral dimensions. They are supposed to level the playing field in education by improving
attendance, engagement and achievement. Assuming that they are nutritionally balanced,
school meals can also promote general health and tackle malnutrition, underweight and
obesity. They are justified in terms of better behaviour and enhanced socialisation. Ac-
cordingly, recent years have seen a considerable shift towards increasing the coverage of
school-meal programmes in developed economies, with some countries mandating that
such programmes become universal. For example, in the US, the Community Eligibility
Provision (CEP) programme now provides free meals to all students in schools where
25% of the pupil population receive income-based assistance, such as the Supplemental
Nutrition Assistance Program (SNAP) (previously it was 40%). In the European context,
since academic year 2014/2015, England and Scotland have provided universal free school
meals for children aged 4—7. In that same year, in Estonia, where free meals were ini-
tially offered to pupils in grades 1 to 4, the programme was extended to cover all students
up to grade 12. More recently, in 2020, Lithuania introduced free meals for pre-schoolers
and first-grade pupils, while Wales began a phased rollout of universal free meals for all
primary-school children in 2022. In London, as from academic year 2023/2024, the City
Council has also introduced free meals for all pupils in primary education. And while
the claims concerning the positive effects of school-meal programmes made by the gen-
eral public, stakeholders and policy-makers are easy to understand and embrace, we do
not know whether the bulk of empirical evidence is consistent with all these assertions;
particularly in developed economies, where children’s general level of health is high, the
great majority of pupils are well fed, while truancy rates are very low in the majority of
countries.

Multiple studies have examined the effects of school-meal programmes on a range of
outcomes, such as programme participation (Ruffini, 2022; Corcoran et al., 2016); body
mass index (BMI), nutrient intake, obesity, overweight and overall health (Abouk and
Adams, 2022; Schanzenbach, 2009); academic performance and attendance (Gordanier
et al., 2020; Imberman and Kugler, 2014); behaviour (Altindag et al., 2020; Norwood,
2020); income in adulthood (Lundborg et al., 2022; Biitikofer et al., 2018); and household
finances (Marcus and Yewell, 2022). However, the findings from these studies are far
from conclusive: while some indicate positive effects on the expected outcomes (Cuadros-
Merniaca et al., 2023; Altindag et al., 2020; Belot and James, 2011; Hinrichs, 2010), others
suggest limited, inconsistent or even negative impacts (Schanzenbach, 2009; McEwan,
2013). A synthesis of the evidence of this strand of literature is further complicated by
methodological differences across studies, disparities in the institutional contexts, alterna-
tives that the school-meal programmes crowd out, the characteristics of eligible children
and diversity in meal quality, among other important features. Thus far, we do not
know what the overall effect of school-meal programmes is on child outcomes in devel-
oped economies. Nor are we aware of the extent to which the existing results are largely
context dependent. This paper answers these questions.

Estimating the causal effect of school-meal programmes in rich contexts has proved
difficult because of three main challenges. First, there is limited variation in programme
implementation across schools, regions, countries or over time (Ruffini, 2022; Schwartz
and Rothbart, 2020; Bitler and Seifoddini, 2019). This has often stymied the possibility of
using quasi-experimental designs from which to derive the causal effect of the programmes.



Second, the paucity of data linking participation in school-meal programmes with child
outcomes has also limited the number of studies that can credibly estimate the causal
impact of these schemes. Third, at the student level, there could be endogenous selection
into the programme, as students who choose to participate differ along observable and
non-observable characteristics, compared to their peers who do not participate, which
further complicates the analysis. However, recent methodological advances, the increased
availability of administrative data and a number of policy reforms have contributed to
the growth of this body of research in recent years (Schwartz and Rothbart, 2020).

It is these studies that, for the first time in this strand of literature, are meta-analysed
in this paper, with the objective of assessing the effectiveness of school-meal programmes
in developed economies and of informing decision making. The potentially important
consequences for children and the budget relevance of school-meal programmes completely
justifies such a meta-analysis. For example, in the US, the National School Lunch Program
(NSLP), which has annual expenditure of approximately $13.8 billion, is the second-
largest food and nutrition assistance programme after SNAP (Marcus and Yewell, 2022).
Moreover, we are the first to take into account potential publication bias and p-hacking in
this strand of literature, with the aim of exploring the extent to which selective reporting
may have shaped the existing body of evidence.

Publication bias is defined by Brodeur et al. (2020) as occurring when ‘the statistical
significance of a result determines the probability of publication’, likely a reflection of the
peer-review process. Instead ‘p-hacking refers to a variety of practices that a researcher
might (consciously or unconsciously) use to generate “better” p-values, perhaps (but not
necessarily) in response to the difficulty of publishing statistically insignificant results’
(Brodeur et al., 2020: 3634—3635). If left unaddressed, these issues can result in biased
estimates and misleading confidence intervals, particularly in fields with strong underlying
intuition, as in our case (Andrews and Kasy, 2019; Doucouliagos and Stanley, 2013).!

In view of these challenges, and following the guidelines set out by Irsova et al. (2024),
we collect 2,821 estimates from 42 studies that credibly examine the causal impact of
school-meal programmes on child outcomes in three main domains: behaviour, health and
education. The number of studies available is not yet sufficient to be meta-analysed for
other domains, such as the impact on earnings in adulthood, household finances, parental
labour market outcomes or reliance on charitable services (Ruffini et al., 2025; Holford
and Rabe, 2022; Lundborg et al., 2022; Marcus and Yewell, 2022; Biitikofer et al., 2018).
We focus solely on developed economies, because the objectives pursued by school-meal
programmes in high-income countries differ from those in developing economies.?

Importantly, we gather 59 aspects reflecting the context in which these estimates were
obtained. Accounting for heterogeneity across contexts is important for three main rea-
sons. First, variations in school-meal programmes may lead to differences in the benefits
that children can potentially gain. Second, heterogeneity analysis can provide a certain

! According to Ioannidis et al. (2017), selective reporting in economics often exaggerates the typical
reported estimates twofold.

2In contrast to our focus on developed countries, Wang et al. (2021) conduct a systematic review
and meta-analysis that investigates the impacts of school-meal programmes on educational and health
outcomes specifically in low- and middle-income countries. Their findings suggest that these programmes
are associated with an increase in height, weight and school attendance among school-age children and
adolescents. The authors find mixed evidence of publication bias, depending on the outcome under
scrutiny. However, their analysis only includes estimates from randomised controlled trials and controlled
before-after studies based on limited sample sizes. Moreover, publication bias is not explicitly tested, but
is studied solely using funnel plot figures.



consensus and guidance in terms of the most effective design for school-meal programmes.
And, third, context matters because policy-makers tend to dismiss research that does not
apply to their country or region (Jackson and Mackevicius, 2024; Clarke, 2019). In this
respect, we included data on programme and student characteristics (whether the school-
meal programme covers lunch, breakfast or both; whether it is universal or means-tested;
whether it is targeted at specific grades; whether it refers to a subgroup; and country),
data characteristics (outcome of interest, type of treatment and whether the data is longi-
tudinal or cross-sectional and administrative or from a survey), estimation characteristics
(methodology and type of controls) and publication characteristics (type of publication,
impact factor and number of citations). We investigated whether these aspects con-
sistently influence the estimated values, using Bayesian model averaging (BMA), which
allowed us to explore all possible models by computing every combination of explanatory
variables, and thus addressing model uncertainty.

Our findings suggest that the expectations of school-meal programmes in developed
economies are often too high: most of our tests indicate that, once we account for publica-
tion bias, school-meal programmes do not have a statistically significant effect on health,
behaviour or educational outcomes. In those tests where a statistically significant effect is
present, it is so small as to be not economically meaningful. Our results also indicate that
publication bias is small in this strand of literature, which provides confidence that the
evidence being built is not based on selective reporting — except for the studies devoted
to research into standardised test scores, among which publication bias is rather clearer.
We provide further evidence that even after controlling for a wide range of study charac-
teristics, the bias-corrected impact of school-meal programmes on child development in
rich economies is minimal. In other words, heterogeneity across studies does not drive our
main findings. Nevertheless, means-tested programmes and breakfast initiatives are the
two features most strongly linked with positive benefits. This means that the effectiveness
of a school-meal programme depends significantly on where (the context) and how (the
design) it is implemented, and for whom (the targeted population) it is intended.

This paper makes two main contributions to the literature. First, it offers the inaugural
meta-analysis in this field. To the best of our knowledge, research on the impact of
school-meal programmes on children in developed countries has only been studied in
summaries and systematic reviews (see, for instance, Spill et al., 2024; Kurtz et al.,
2022); however, no meta-analysis has been published to date. Therefore, this body of
research still awaits (potential) correction for publication bias and p-hacking. We address
both issues using the most recently developed meta-analytical techniques, including linear
and non-linear funnel-based methods, as well as selection models. Second, apart from
considering the extent of selective reporting, this is also the first study to examine how the
various characteristics of school-meal programmes analysed in the literature influence the
reported effects on children. This is of particular interest, as the literature on school meals
has yet to reach a consensus on the most effective design for such programmes. As a result,
school-meals provision and coverage vary greatly from country to country (Lundborg et
al., 2022). In the context of tight public budgets, policy-makers may be particularly
interested in identifying the most cost-effective approach. We document the finding that
school-breakfast initiatives and means-tested programmes that target low-income children
are the two approaches that are most beneficial to children’s development.

This paper is organised as follows. After this introduction, Section 2 offers a de-
scription of the search strategy, the inclusion criteria and the data collected. Section 3
investigates publication bias, while in Section 4 we explore whether our results are influ-



enced by heterogeneity between studies. Lastly, Section 5 offers some conclusions. In the
Online Appendix, Section A provides additional information on the search and data col-
lection process, Section B details the variables used to capture heterogeneity and Section
C includes additional tables and figures.

2 Data

We conducted a thorough review of those econometric studies published since 2000 that
empirically assess the causal effects of school-meal programmes on children’s outcomes
and, in particular, on behaviour, health and education. Our search was performed in
Google Scholar using the search terms (‘school meal®” OR ‘school breakfast®*” OR, ‘school
lunch*’) AND (‘programme’ OR ‘program’) AND (‘impact’) AND (‘child*’) AND (‘out-
come*’) AND (‘causal’).? Following the recommendations of previous authors, we opted
for Google Scholar because it inspects the full text of studies, rather than just the title,
abstract and keywords (Opatrny et al., 2025; Irsova et al., 2024; Havranek et al., 2015).

The different stages for the inclusion of the primary studies proceeded as follows.
We initially screened the abstracts of the first 500 studies that were identified through
the Google Scholar query. We downloaded all the studies that could potentially contain
estimates of the causal effects of school-meal programmes on child outcomes. This initial
selection yielded a total of 112 studies. We subsequently extended our search by carefully
examining the references within those studies, identifying an additional 12 relevant papers.
Next, we skimmed the full text of the 124 prospective studies and discarded 70 that did
not meet our inclusion criteria and 12 that were duplicates — see Figure A.1 in the Online
Appendix A for a PRISMA flow diagram of our search strategy.*

The following are the six inclusion criteria that we imposed. First, the study must
report an estimated relationship between school meals and child outcomes, including be-
haviour (e.g. school suspensions, misbehaviour), health (e.g. overweight, obesity) and
education (e.g. attendance, test scores).5 Other outcomes, such as programme participa-
tion, household food purchases or life-time earnings, were not examined in our analysis,
because there are surprisingly few studies that include them (Lundborg et al., 2022; Mar-
cus and Yewell, 2022; Biitikofer et al., 2018). Second, we restricted the analysis to studies
that employ causal inference methods, namely difference-in-differences (DiD), regression
discontinuity design (RDD) and instrumental variables (IV). Third, we only considered
studies conducted in Organisation for Economic Co-operation and Development (OECD)
countries, so that our results are relatively comparable across contexts with similar school
systems. Fourth, the study must include either the standard error or an alternative
measure that allows for its reconstruction. Fifth, the research should focus on the imple-
mentation of a school-meal programme, its expansion or the improvement of an existing
one. Studies that examine the reduction or removal of school meals, or any regressive mea-
sures, were not considered (Maruyama and Nakamura, 2025; von Hinke Kessler Scholder,
2013). And sixth, we disregarded reports from NGOs or governments, as well as pilot

3 Asterisks enable searches to include variations of a keyword. For instance, ‘child*’ will return results
containing words such as ‘child’, ‘children’, ‘childhood’ and ‘childcare’.

40ut of the final sample of 42 studies, 30 were identified through Google Scholar, while the remaining 12
were obtained via snowballing. Of those 30 articles, we had previously identified 22, or 73.3%, indicating
that our search was effective in capturing the most important primary studies (Irsova et al., 2024).

5We consider student absenteeism to be an educational outcome, regardless of the reasons for school
being missed.



studies (e.g. Brown et al., 2012). The final sample included the 42 studies listed in Table
1.

Table 1: Studies included in the meta-analysis

Abouk and Adams (2022) Cuadros-Menaca et al. (2023) Imberman and Kugler (2014)
Altindag et al. (2020) Davis (2019) Kho (2018)

Anderson et al. (2018) Davis and Musaddiq (2019) Kim (2021)

Ayllén and Lado (2025) Davis et al. (2024) Kirksey and Gottfried (2021)
Bartfeld et al. (2020) Domina et al. (2024) Leos-Urbel et al. (2013)

Belot and James (2011) Dotter (2013) Lundborg et al. (2022)
Bethmann and Cho (2022) Dunifon and Kowaleski-Jones (2003) McEwan (2013)

Bhattacharya et al. (2006) Frisvold (2015) Norwood (2020)

Borbely et al. (2024) Gordanier et al. (2020) Ribar and Haldeman (2013)
Biitikofer et al. (2018) Gordon and Ruffini (2021) Rothbart et al. (2023)
Capogrossi (2012) Gutierrez (2021) Ruffini (2022)

Collante Zérate et al. (2024) Hinrichs (2010) Schanzenbach (2009)
Corcoran et al. (2016) Holford and Rabe (2022) Schanzenbach and Zaki (2014)
Cuadros-Meifiaca et al. (2022)  Holford and Rabe (2024) Schwartz and Rothbart (2020)

Note: The table lists all the primary studies included in the meta-analysis. See more details on
the search strategy in Online Appendix A.

From the studies included, we gather 2,821 estimates that are used in the meta-
analysis. For each estimate, we also collect 59 factors that reflect the context in which the
estimate was obtained, the method of estimation, the student population under scrutiny,
the type of data used, etc. See more detail in Section 4 and in Online Appendix B.°

Importantly, in the meta-analytical database that we produced, each estimate captures
the impact of school-meal programmes on various child outcomes, and therefore different
measures are used (for example, suspension rates, standardised mean test scores, number
of days absent in a school year, percentage of obesity prevalence or BMI z-scores). As
a result, these estimates are not directly comparable.” To address this concern, we use
partial correlation coefficients (PCCs) to standardise effect sizes, as in previous meta-
analyses, using the following formula:

Tij = s (1)

A /tfj + df;;

where r;; represents the partial correlation coefficient of the ¢-th estimate reported in
study j, t;; denotes the corresponding t¢-statistic, and df;; indicates the sample size of a
given estimate minus three (Stanley et al., 2023). However, as noted by Stanley et al.
(2023, 2024), PCCs are inherently related to their standard errors, making meta-analysis
of PPCs generally biased. To mitigate this bias, one approach is to transform the PCCs
into Fisher’s z, as follows (Borenstein et al., 2009):

1+ 7
;=05 x In (%) 2)

6These 160,000+ data points were gathered manually by the authors of this paper, who would read
each paper individually and jointly discuss how data needed to be introduced in the main dataset.

“For several outcomes, we also adjust the signs of the reported estimates, so that they accurately
reflect the direction of the effect — this allows us to compare, for instance, a reduction in misbehaviour
with an increase in positive behaviour. In the case of average BMI, we adjust the coefficient, so that a
decline in BMI is considered positive, given that the vast majority of children in the contexts analysed
in this paper are not underweight or undernourished.



where z;; represents the Fisher’s z-transformation of a given estimate with its standard

error being SE(z;) = | /n__l_g. We use this metric to assess publication bias and hetero-
ij

geneity, then report the results in terms of Cohen’s d, as it is a well-established metric

in the social sciences for measuring effect sizes. To transform Fisher’s z to Cohen’s d, we
follow two steps. First, we transform Fisher’s z back to PCCs:

622’1']' _ 1
== 3
’I“] €2Zij +1 ( )
Second, we convert PCCs to Cohen’s d:
2r;;
dij = ——2 (4)

ij
/ 2

with SE(d;;) = ,/h We interpret the results using the benchmark proposed by

(1—r2.)3"
Kraft (2020), which defines an effect size below 0.05 as ‘small’, between 0.05 and 0.20 as
‘medium’ and 0.20 or greater as ‘large’.

Figure 1 presents the histogram of effect sizes in terms of Cohen’s d. We observe
that estimates close to zero are prevalent in the literature, with the distribution showing
relatively large tails, skewed slightly to the right. The dashed line represents the uncondi-
tional sample mean of 0.014 — providing a first indication that school-meal programmes
in developed countries may have, on average, a small effect on child outcomes. In turn,
Figure 2 shows the distribution of effect sizes reported in the individual studies, sorted
by the period of time to which the data refers. More than half of the studies refer to
the last decade, and no systematic differences are observed regarding the period of time
under scrutiny. With few exceptions, most studies indicate either non-significant effects or
small positive effects. Additionally, significant within-study variation is observed, which
supports our strategy based on collecting all the estimates and not just one (or a few) per
study.

Figure 3 shows the distribution of effect sizes, while accounting for potential sources
of systematic heterogeneity. We thus consider: (a) whether the school-meal programme is
means-tested or universal; (b) whether it covers breakfast, lunch or both; (c¢) the domain
of the student outcome; and (d) the method employed. In Panel A, we observe that the
distribution of the effects of both means-tested programmes and universal programmes fol-
lows a similar pattern. Although less frequent, the estimates of means-tested programmes
are more skewed towards the right, possibly suggesting, on average, a more positive effect
on children’s outcomes than in the case of universal schemes. As for whether the pro-
gramme includes breakfast, lunch or both (Panel B), estimates for breakfast and lunch
appear predominantly positive, whereas those for programmes that offer both meals are,
on average, closer to zero. In terms of student outcomes (Panel C), the distribution of
estimates is highly uneven. Educational outcomes are studied more frequently and tend
to lean towards the right. Results for behaviour are generally positive but less common,
while health outcomes are skewed to the left, indicating the greater prevalence of negative
results. With regard to the method employed (Panel D), the majority of studies use a
DiD strategy, with estimates tending to be positive. Although less frequent, IV estimates
also tend to be right-skewed. The RDD distribution is more heavily skewed to the right,
suggesting that studies using this methodology report more positive effects.



Figure 1: Distribution of the effect sizes
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Note: The histogram displays the effect sizes from primary studies in terms of Cohen’s d. The
solid line is set at zero, while the dashed line represents the sample mean. Extreme outliers are
winsorised at the 1st and 99th percentiles.

Table 2 presents summary statistics for all subsets of studies, allowing additional com-
parisons. Column (1) reports the number of observations, while Columns (2) and (3) show
the unweighted mean Cohen’s d for each subset of the literature and the 95% confidence
interval. Columns (4) and (5) give the results weighted by the inverse number of estimates
per study, so that each article has equal importance.® There are a few lessons that we
can learn from the table. First and foremost, although the overall impact of school-meal
programmes on children’s outcomes is small, with an average of 0.014 (see the last row in
the table), there is significant variability across subsets, which underlines the importance
of considering heterogeneity — as we do in Section 4 of this paper. Second, school-meal
programmes have, on average, a more positive effect on students’ behaviour (0.017) and
educational (0.017) outcomes, while their effects on health (0.008) are smaller. Third,
breakfast (0.018) and means-tested (0.021) initiatives tend to show slightly stronger ef-
fects than programmes covering lunch (0.016) and those with universal coverage (0.010).
Focusing on specific programmes, the US School Breakfast Program (SBP) and the Break-
fast After the Bell (BAB) initiatives display more positive outcomes, while the National

8Weight selection is an important decision in meta-analysis (see, for instance, Opatrny et al., 2025).
Three weighting schemes have commonly been used in meta-analytical research: i) equal weight to each
estimate; ii) equal weight to each study; and iii) inverse-variance weighting. Our results from the first two
approaches are similar, as shown in Table 2. Inverse-variance weighting, which assigns greater importance
to studies with higher precision, is not presented in Table 2. When applied, the unconditional sample
mean decreases by more than half (down to 0.006), indicating that if we were to consider only studies
with the most precise estimates, the overall effect of school-meal programmes would be even closer to
zero.



Figure 2: Effect sizes in primary studies
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Note: The figure presents the effect sizes from primary studies in terms of Cohen’s d, sorted
by the time period to which the data analysed refers. The solid line is set at zero. Each box
represents the interquartile range (P25-P75), with a line indicating the median. The whiskers
extend to data points within 1.5 times the interquartile range. Extreme outliers are winsorised
at the 1st and 99th percentiles.

School Lunch Program (NSLP) does not.? Interestingly, most of these effects are concen-
trated among high-school students. Fourth, in terms of student characteristics, we do not
observe any significant differences, except in estimates that focus solely on male students
(0.011), which are, on average, higher than those for females (0.001). Fifth, studies using
cross-sectional data at the school or district level tend to yield more positive estimates.

9Table C.1 in Online Appendix C presents a description of the main school-meal programmes covered
in this meta-analysis.



Figure 3: Distribution of effects sizes by potential sources of systematic heterogeneity
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Note: The figure presents the distribution of effect sizes from primary studies in terms of
Cohen’s d, grouped by potential sources of systematic heterogeneity. The solid line is set at
zero. Methodologies other than DiD, RDD and IV are excluded from Panel D, due to the
limited number of observations. Extreme outliers are winsorised at the 1st and 99th percentiles.

Similarly, those employing an RDD (0.036) show such effects more often than studies
using DiD (0.011) or IV (0.016) methods. Finally, studies published after 2019 (0.021)
present higher coefficients than those published earlier (0.009). We do not observe any
differences based on whether the article appears in a peer-reviewed journal or is a working

paper.

3 Publication bias

In Section 2, we discussed the results derived from group means. However, these findings
may be influenced by selective reporting (publication bias) and heterogeneity. In this and
the following section we will address both issues.

Publication bias is often associated with the correlation between estimated values and
standard errors, and there are at least two reasons for this relationship. First, researchers,
editors or referees may have a preference for statistically significant results. In the face of
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Table 2: Summary statistics for different subsets of the literature

Unweighted Weighted
Observations Mean 95% conf. int. Mean 95% conf. int.
(1) (2) (3) (4) (5)

Outcome analysed
Outcome: Behaviour 258 0.017 0.013 0.020 0.013 0.008 0.017
Outcome: Health 943 0.008 0.004 0.011 0.011 0.008 0.015
Outcome: Education 1620 0.017 0.015 0.020 0.022 0.019 0.025
Programme variation
Lunch 1265 0.016 0.0I13 0.018 0.012 0.009 0.014
Breakfast 925 0.018 0.015 0.022 0.030 0.026 0.034
Breakfast and lunch 631 0.005 0.002 0.008 0.010 0.007 0.013
Means-tested 1085 0.021 0.018 0.025 0.030 0.025 0.034
Universal 1736 0.010 0.008 0.011 0.012 0.010 0.014
Elementary school 2633 0.014 0.012 0.016 0.015 0.013 0.018
Middle school 1701 0.017 0.014 0.019 0.019 0.017 0.022
High school 611 0.027 0.022 0.031 0.033 0.027 0.038
Country: US 1982 0.011 0.008 0.013 0.017 0.014 0.019
Country: Other 839 0.023 0.020 0.025 0.018 0.015 0.021
Breakfast After the Bell 651 0.014 0.010 0.018 0.027 0.021 0.032
Community Eligibility Provision 555 0.007 0.004 0.010 0.010 0.007 0.014
National School Lunch Program 450 -0.000 -0.005 0.004 -0.012 -0.015 -0.008
School Breakfast Program 302 0.018 0.011 0.026 0.042 0.034 0.050
Student variation
Female 160 0.00I -0.005 0.006 -0.009 -0.019 -0.000
Male 168 0.011 0.006 0.016 0.012 0.005 0.020
Not minority 90 0.019 0.013 0.026 0.019 0.013 0.026
Minority 133 0.014 0.005 0.023 0.011 0.004 0.017
Advantaged 242 0.009 0.003 0.014 0.007 0.002 0.013
Disadvantaged 308 0.012 0.006 0.019 0.025 0.017 0.032
Type of data
Longitudinal data 2621 0.014 0.012 0.015 0.0I8 0.0I16 0.020
Cross-sectional data 200 0.023 0.017 0.028 0.014 0.006 0.022
Administrative data 2009 0.018 0.016 0.020 0.021 0.019 0.023
Survey data 812 0.005 0.000 0.009 0.005 0.000 0.010
Individual-level data 2267 0.009 0.007 0.011 0.006 0.004 0.008
School-level data 447 0.037 0.032 0.041 0.044 0.038 0.049
District-level data 103 0.027 0.016 0.038 0.035 0.020 0.049
Method and estimation characteristics
Method: DiD 2051 0.0IT 0.009 0.012 0.016 0.014 0.017
Method: RDD 380 0.036 0.030 0.042 0.045 0.036 0.054
Method: IV 206 0.016 0.011 0.020 0.025 0.019 0.030
Method: Other 184 0.006 -0.005 0.017 -0.006 -0.015 0.003
Main result 2270 0.016 0.015 0.018 0.018 0.016 0.020
Robustness 551 0.005 0.001 0.009 0.014 0.009 0.020
Publication characteristics
Published before 2019 1529 0.009 0.006 0.011 0.012 0.009 0.014
Published after 2019 1292 0.021 0.018 0.023 0.022 0.019 0.025
Published in journal 1709 0.015 0.013 0.017 0.016 0.014 0.019
Working paper 1112 0.013 0.010 0.016 0.020 0.017 0.022
Published in economics 1432 0.014 0.013 0.016 0.016 0.015 0.018
Not published in economics 1389 0.014 0.011 0.017 0.018 0.015 0.022
ATl estimates 2821 0.014 0.012 0.016 0.017 0.0I5 0.019

Note: The table presents the effect sizes from primary studies in terms of Cohen’s d for
each subset of the literature. In Columns (4) and (5), we weight each observation by
the inverse number of estimates reported per study. Minority children include those from
immigrant backgrounds, black, Hispanic or other ethnicities. Disadvantaged children are
defined as those living in low-income households, alongside parents with limited educational
attainment, experiencing disabilities, coming from disrupted families or having shown poor
academic performance previously. Advantaged children are those who do not experience
any of these circumstances. Extreme outliers are winsorised at the 1st and 99th percentiles.
See Table B.1 in Online Appendix B for a definition of the variables, and Table C.1 in On-
line Appendix C for details on the main school-meal programmes covered by the primary studies.
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some degree of imprecision in their data and methods, researchers might explore various
combinations of control variables until they achieve an estimate large enough to counteract
the standard error. Second, researchers, besides preferring statistically significant results,
may favour estimates with intuitive signs, leading them to dismiss counterintuitive findings
(Havranek et al., 2022).

In Figure 4, we visually examine the presence of publication bias in the literature on
school meals using a funnel plot (Egger et al., 1997). This scatter plot illustrates the rela-
tionship between Fisher’s z estimates (on the horizontal axis) and their precision (inverse
of the standard error, on the vertical axis). The most precise estimates should cluster
close to the true mean effect in the top portion of the graph, with variance increasing
towards the bottom as precision decreases. In the absence of publication bias, the fun-
nel plot should be symmetrical (Stanley, 2005). However, the plot in Figure 4 displays
some slight asymmetry, skewed towards the right, potentially suggesting a small degree
of selective reporting in the literature under scrutiny.

Figure 4: Funnel plot for the causal estimates of school-meal programmes
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Note: The figure presents the relationship between effect sizes from primary studies in terms
of Fisher’s z and their precision. The solid line represents zero, the dotted line indicates the
median and the dashed line represents the sample mean. Extreme outliers are winsorised at
the 1st and 99th percentiles.

To evaluate the extent of publication bias, we first conduct a series of linear tests
based on the regression of Fisher’s z estimates against their respective standard errors,
employing the following equation (Stanley, 2005; Egger et al., 1997; Card and Krueger,
1995):

Zij =« + ’YSE(Z,']‘) + €4 (5)

where z;; is the i-th Fisher’s z of the effect of school-meal programmes on child outcomes
from the j-th study, SE(z;) represents the corresponding standard error and e;; is the
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error term. Standard errors are clustered at the study level to account for within-study
correlation (Irsova et al., 2024). We focus on two parameters: a and . The latter
provides information on the existence, direction and magnitude of publication bias, while
the former, reported in the tables in terms of Cohen’s d to ease interpretation, captures
the mean effect size corrected for publication bias. In the absence of selective reporting,
the slope coefficient + should be zero, indicating no relationship between the estimates
and their standard errors. We follow the benchmark of Doucouliagos and Stanley (2013):
if [7] is less than 1, it suggests ‘little to modest’ selectivity; if 7| falls between 1 and
2, it indicates ‘substantial’ selectivity; meanwhile values exceeding 2 point to ‘severe’
selectivity.

Table 3 presents the findings from various alternative ways of estimating Equation
(5). Panel A details the results when using linear methods, while Panel B does the
same for non-linear methods. In the first column of Panel A, we provide the standard
ordinary least squares (OLS) results. However, if unobserved characteristics of the primary
studies are correlated with the estimated effects, this approach may generate misleading
outcomes. To overcome this limitation, in Column (2), we run a model with study fixed
effects to account for unobserved heterogeneity at the study level. In Column (3), we use
the meta-analysis instrumental variable estimator (MAIVE) (Irsova et al., 2023). This
method uses the inverse of the square root of the sample size as an instrument for the
reported standard error.!® In the last two columns of Panel A, we estimate Equation
(5) using two alternative weighting approaches. First, we weight each observation by
the inverse number of estimates reported per study, giving equal weight to each study
(Krueger, 2003). Second, we assign greater weight to more precise estimates by using
the inverse of the standard error (Stanley, 2005). Results from Panel A confirm the
intuitive interpretation of the funnel plot: there is a slight indication of publication bias
in favour of positive estimates, which can be classified as ‘little to modest’ according to
Doucouliagos and Stanley (2013). The corrected mean (effect beyond bias) shrinks from
the unconditional sample mean of 0.014 to between -0.002 and 0.006 standard deviation
units and is imprecisely estimated, suggesting that, after accounting for publication bias,
school-meal programmes in developed countries have an impact on children’s outcomes
that is so small as not to be meaningful. These findings remain consistent across the
alternative methods used.

So far, we have assumed that publication bias is a linear function of the standard error.
However, this relationship may not hold universally (Andrews and Kasy, 2019; Bom and
Rachinger, 2019). For instance, very precise estimates, concentrated at the top of the
funnel plot, are less likely to suffer from publication bias when the true effect is non-
zero (Bom and Rachinger, 2019; Stanley and Doucouliagos, 2014). Hence, in Columns
(6) to (8) of Panel B, we present three tests that relax the linearity assumption. We
use the weighted average of adequately powered (WAAP) approach by loannidis et al.
(2017) in Column (6). This method estimates the true effect by considering studies with
statistical power exceeding 80%. Below this threshold, statistically significant findings
are more likely due to chance and bias.!! Similarly, in Column (7), we employ the stem-
based method (Furukawa, 2021), focusing solely on highly precise estimates. Unlike the

10Gample size is robust to selection, unaffected by measurement error, not influenced by changing
methodology and not mechanically linked to effect sizes (Irsova et al., 2023). MAIVE also accounts for
p-hacking (for example, selecting the error clustering that yields significant results), which could bias the
estimates of the underlying mean if left unaddressed (Irsova et al., 2023).

HFor a study to possess sufficient power, its standard error must be smaller than the absolute value of
the underlying effect divided by 2.8 (Ioannidis et al., 2017).
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Table 3: Publication bias tests

Panel A: Linear models

OLS FE MAIVE wNOBS WLS
(1) 2) (3) (4) (5)
Publication bias 0.471%*  0.669***  0.467** 0.448 0.473**
(0.205)  (0.147)  (0.212)  (0.296) (0.198)
Effect beyond bias 0.003 -0.002 0.003 0.006 0.002*
(0.002) (0.002) (0.002) (0.002) (0.001)
Observations 2821 2821 2821 2821 2821
Panel B: Non-linear models
WAAP STEM EK AK p-uniform*
(6) (7) (8) 9) (10)
Publication bias . . 0.451%** ) L=32.404***
() () (0.049) () (0.000)
Effect beyond bias  0.003***  0.016*  0.003***  0.005*** 0.013***
(0.000) (0.004) (0.000) (0.000) (0.001)
Observations 2821 2821 2821 2821 2821

Note: Panel A presents the results from the regression z;; = a + v7SE(z;;) + €;;, with z;; as
the ¢-th Fisher’s z of the effect of school-meal programmes on children’s outcomes from the
j-th study and SE(z;;) as its standard error. FE denotes study-level fixed effects, MAIVE
refers to meta-analysis instrumental variable estimator (Irsova et al., 2023), wNOBS assigns
weight to each observation based on the inverse number of estimates reported per study,
WLS assigns weight to each observation based on the inverse of the standard error. In
Panel B, WAAP stands for weighted average of adequately powered (Ioannidis et al., 2017),
STEM refers to the stem-based technique (Furukawa, 2021), EK denotes the endogenous kink
model (Bom and Rachinger, 2019); AK indicates the selection model by Andrews and Kasy
(2019) and p-uniform™ refers to the selection model by van Aert and van Assen (2023). The
effect-beyond-bias estimates are reported in terms of Cohen’s d. Extreme outliers are winsorised
at the 1st and 99th percentiles. Standard errors are clustered at the study level. *** significant
at 1%, ** at 5% and * at 10%.

WAAP approach, the number of estimates included in this method is determined by a
bias-variance trade-off, balancing the reduction in publication bias against a potential
increase in variance and vice versa. In Column (8), we resort to the endogenous kink
(EK) meta-regression model (Bom and Rachinger, 2019), which determines a threshold
for the standard error below which publication bias is unlikely to occur. Subsequently, it
fits a piecewise linear regression of the estimates on their standard errors, incorporating
a break at this threshold. When we relax the assumption that publication bias is a linear
function of the standard error, the effects beyond bias become statistically significant, but
remain of similar magnitude to those in Panel A, except for the STEM model. The EK
model exhibits a similar level of publication bias to that reported in Panel A and still
falls within the classification of ‘little to modest’ selectivity, as defined by Doucouliagos
and Stanley (2013).

Thus far, the models we have employed to detect publication bias are categorised as
funnel-based. They operate on the assumption that publication bias is influenced by the
size of reported estimates, rather than the p-values (Irsova et al., 2023). In contrast,
selection models suggest that estimates with varying levels of significance are subject to
different probabilities of publication — see Figure C.1 in Online Appendix C for graphical
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Table 4: Publication bias tests by outcome analysed

Outcome: Behaviour

Panel A: Linear models OLS FE MAIVE wNOBS WLS
Publication bias 0.294 0.390 0.307 -0.550 1.005
(0.339)  (0.253)  (0.349)  (0.516) (0.564)
Effect beyond bias 0.013* 0.012%*** 0.013* 0.022** 0.003
(0.004) (0.002) (0.004) (0.005) (0.001)
Observations 258 258 258 258 258
Panel B: Non-linear models ~ WAAP STEM EK AK p-uniform*
Publication bias . . 1.550%** . L=5.842%**
() () (0.130) () (0.016)
Effect beyond bias 0.002*** 0.002 0.000 0.004*** 0.018**
(0.000) (0.001) (0.000) (0.000) (0.004)
Observations 258 258 258 258 258
Outcome: Health
Panel A: Linear models OLS FE MAIVE wNOBS WLS
Publication bias 0.370** 0.595*** 0.361** 0.269 0.237
(0.158)  (0.064)  (0.170)  (0.229) (0.228)
Effect beyond bias -0.004 -0.012%** -0.004 0.002 0.000
(0.004) (0.001) (0.004) (0.004) (0.002)
Observations 943 943 943 943 943
Panel B: Non-linear models ~ WAAP STEM EK AK p-uniform*
Publication bias . . 0.092 . L=5.129**
) () (0.079) ) (0.023)
Effect beyond bias -0.000 -0.000 0.002%** 0.001 0.012%*
(0.000) (0.003) (0.000) (0.000) (0.003)
Observations 943 943 943 943 943
Outcome: Education
Panel A: Linear models OLS FE MAIVE wNOBS WLS
Publication bias 0.674* 0.691** 0.666* 0.865** 0.707***
(0.357)  (0.318)  (0.348)  (0.402) (0.199)
Effect beyond bias 0.003 0.002 0.003 0.003 0.002
(0.002) (0.004) (0.002) (0.003) (0.001)
Observations 1620 1620 1620 1620 1620
Panel B: Non-linear models ~ WAAP STEM EK AK p-uniform*
Publication bias . . 0.598*** ) L=21.879***
0 () (0.069) () (0.000)
Effect beyond bias 0.004***  0.016%*  0.003%**  0.006*** 0.013***
(0.000) (0.004) (0.000) (0.001) (0.001)
Observations 1620 1620 1620 1620 1620

Note: Panel A presents the results from the regression z;; = a + vSE(zi;) + €5, with z;; as
the i-th Fisher’s z of the effect of school-meal programmes on children’s outcomes from the
j-th study and SE(z;;) as its standard error. FE denotes study-level fixed effects, MAIVE
refers to meta-analysis instrumental variable estimator (Irsova et al., 2023), wNOBS assigns
weight to each observation based on the inverse number of estimates reported per study,
WLS assigns weight to each observation based on the inverse of the standard error. In
Panel B, WAAP stands for weighted average of adequately powered (Ioannidis et al., 2017),
STEM refers to the stem-based technique (Furukawa, 2021), EK denotes the endogenous kink
model (Bom and Rachinger, 2019); AK indicates the selection model by Andrews and Kasy
(2019) and p-uniform™ refers to the selection model by van Aert and van Assen (2023). The
effect-beyond-bias estimates are reported in terms of Cohen’s d. Extreme outliers are winsorised
at the 1st and 99th percentiles. Standard errors are clustered at the study level. *** significant
at 1%, ** at 5% and * at 10%.
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evidence in our context. These models enable researchers to estimate the potential impact
of missing estimates, had they been published in the absence of publication bias and
therefore included in the meta-analysis (Irsova et al., 2024; Mathur and VanderWeele,
2020). In order to account for such a possibility, in the last two columns of Panel B,
we apply two different selection models. First, we use the selection model developed by
Andrews and Kasy (2019), which calculates the probability of publication based on how
likely it is that an estimate falls within different intervals, determined by the critical
values of t-statistics. Then, the model weights each estimate by the probability of its
being published, assigning more weight to those estimates with a lower chance of being
published. Second, we apply the p-uniform* model of van Aert and van Assen (2023).
This model examines the distribution of p-values around the 5% threshold. If there is an
over-representation of p-values below this threshold and an under-representation above
it, that indicates publication bias. The model corrects for this bias by assigning different
weights to estimates, based on their probability of publication. The results from both the
Andrews and Kasy (2019) and the p-uniform™ models are consistently in line with those
from the non-linear, funnel-based models. In the case of the latter, the effect beyond bias is
similar to the unconditional sample mean of 0.014 standard deviation units — indicating,
once more, that even when estimates attain statistical significance, the overall impact of
school-meal programmes in developed economies is not economically meaningful.

Table 4 explores whether publication bias differs across the three outcome dimensions
considered in the literature: behaviour, health and education. Regarding behaviour, with
the sole exception of the EK model, tests indicate that publication bias is not of con-
cern. The same holds true for health, except in the OLS, the fixed effects and MAIVE
models; in these cases, nonetheless, selective reporting is smaller than that computed for
the full sample. The educational domain appears to be the primary driver of the overall
publication bias found in Table 4, yet it can still be classified as ‘little to modest’ (Doucou-
liagos and Stanley, 2013). All in all, the effects adjusted for publication bias suggest that
school-meal programmes in developed economies have minimal impact on student out-
comes, regardless of the dimension analysed. Although the results for behaviour — and
those from non-linear models in the educational domain — do attain statistical signifi-
cance, the coefficients are so small as to represent no meaningful improvement in these
areas.

In both this and the previous section, we have analysed the impact of school-meal
programmes on child outcomes measured in different ways by computing a standardised
artificial measure. First, we converted the effect sizes reported in the primary studies into
PCCs. Next, we transformed the PCCs into Fisher’s z, conducted publication bias tests,
and presented the bias-corrected effect size estimates in terms of Cohen’s d. However,
a total of 811 estimates from 16 studies report results using the same metric, allowing
analysis without the need to undertake such conversion. This applies to studies examining
the impact of school-meal programmes on educational achievement measured in terms of
test scores, where results are normally standardised at the academic year or the course-
academic year level (see, for instance, Aylléon and Lado, 2025; Anderson et al., 2018;
Corcoran et al., 2016). Figure C.2 in Online Appendix C presents the histogram for
this subset of studies and shows that most of the estimates are between 0 and 0.10
standard deviations. The distribution of effect sizes has larger tails, skewed to the right,
and fewer negative estimates than in the literature as a whole — shown in Figure 1.
The unconditional sample mean is 0.052 standard deviations, suggesting that school-meal
programmes have a positive medium effect on test scores (Kraft, 2020). Importantly,
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these findings may be shaped by publication bias. To consider such a possibility, we
computed the funnel plot for these estimates — Figure C.3 in Online Appendix C — and
performed all the same publication bias tests as before — detailed in Table 5. The results
provide evidence of the presence of publication bias in this part of the literature, which is
much more pronounced than for the full sample. After adjusting for publication bias, the
main effect is reduced to zero, with eight out of the ten tests confirming the same result.
According to the results of this meta-analysis, on average school-meal programmes do not
improve children’s test scores.

Taken together, our findings indicate that publication bias in the overall literature on
the impact of school-meal programmes on children’s outcomes is not of concern — with the
exception of the group of studies analysing standardised test scores. Once we account for
publication bias, the majority of tests indicate that the overall causal effect of school-meal
programmes on behaviour, health and educational outcomes is null or so small as not to
translate into any meaningful impact. This aligns with the mixed findings reported in the
literature and the lack of consensus so far. It also underscores the importance of finding
and understanding the features that may be key in the design of successful school-meal
programmes. This is precisely what we do in the next section.

Table 5: Publication bias tests for standardised test scores

Panel A: Linear models
OLS FE MAIVE wNOBS WLS
(1) (2) (3) (4) (5)
Publication bias 0.8585***  (.7839***  (.6453**  (.8539*** 0.8657***
(0.1238)  (0.1675)  (0.3038)  (0.1972) (0.1289)

Effect beyond bias 0.0023 0.0066 0.0146 0.0049 0.0019
(0.0048) (0.0097) (0.0194) (0.0067) (0.0040)
Observations 811 811 811 811 811
Panel B: Non-linear models
WAAP STEM EK AK p-uniform*
(6) (7) (8) (9) (10)
Publication bias . . 0.977%** . L=35.508***
() () (0.082) () (0.000)
Effect beyond bias -0.003 -0.002 -0.001 0.022%** 0.035%***
(0.003) (0.012) (0.001) (0.005) (0.006)
Observations 811 811 811 811 811

Note: Panel A presents the results from the regression e;; = a + ’ySE(eij) + €5, with e;; as
the i-th estimate of the effect of school-meal programmes on children’s standardised test scores
from the j-th study and SE(e;;) as its standard error. FE denotes study-level fixed effects,
MAIVE refers to meta-analysis instrumental variable estimator (Irsova et al., 2023), wNOBS
assigns weight to each observation based on the inverse number of estimates reported per study,
WLS assigns weight to each observation based on the inverse of the standard error. In Panel
B, WAAP stands for weighted average of adequately powered (Ioannidis et al., 2017), STEM
refers to the stem-based technique (Furukawa, 2021), EK denotes the endogenous kink model
(Bom and Rachinger, 2019); AK indicates the selection model by Andrews and Kasy (2019) and
p-uniform™ refers to the selection model by van Aert and van Assen (2023). Extreme outliers
are winsorised at the 1st and 99th percentiles. Standard errors are clustered at the study level.
Ik significant at 1%, ** at 5% and * at 10%.
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4 Heterogeneity

In the previous section, we provided evidence that the literature on school-meal pro-
grammes suffers from small publication bias, and that the effect of such programmes on
children’s development is minimal in rich economies. However, as described in Section 2,
the estimates in primary studies vary considerably, as they originate from research con-
ducted in diverse settings, examine different outcomes, analyse various school-meal pro-
grammes, employ different datasets and methodologies, and focus on specific subgroups of
children. Consequently, such variability across studies can lead to systematically different
results.

To address this issue, we collect 59 variables that capture the context in which each es-
timate was obtained and perform multiple meta-regression analysis (MRA). The variables
are selected on the basis of a thorough literature review (outlined in Online Appendix B)
to cover the principal differences between studies. We categorise these variables into six
groups. First, we gather data on the outcome analysed, including behaviour, health and
education. Second, we include variables that reflect the characteristics of the programme:
whether it provides only breakfast, only lunch or both; whether it is universal (available
to all children regardless of family income) or means-tested; the educational stage of the
children under examination (elementary, middle or high school); the country where the
analysis was conducted; and whether the study covers the entire country or only a specific
state or city. Third, we consider the student’s socio-demographic characteristics, includ-
ing gender, ethnicity and socio-economic status. Fourth, we assemble information on the
characteristics of the data: whether it is longitudinal or cross-sectional, administrative or
survey-based, and the level at which it is measured (individual, school or district), as well
as the year mean. Fifth, we collect estimation characteristics, including the methodology
used (DiD, RDD, IV or other methodologies), whether the authors treat the estimate as
a main result or a robustness check, type of controls, and whether the study incorporates
fixed effects and, if so, which type. Lastly, we gather the following information for each
study: the publication year; whether it was published in an academic journal or as a
working paper; the impact factor of the journal; whether or not the journal is in the field
of economics; and the number of citations it has received according to Google Scholar.!?

Table 6 summarises the variables capturing heterogeneity between studies.!*> More
than half of the estimates relate to educational outcomes; health outcomes account for
33.4% of the total estimates; while behavioural outcomes comprise less than 10%. Re-
garding programme characteristics, a significant proportion of the programmes analysed
cover lunch (44.8%) and are universal (61.5%). Most studies investigate the impact of
school-meal programmes on the entire elementary school student population (93.3%),
while 60.3% focus on middle schools and 21.7% on high schools. Notably, 70.3% of the
estimates are from the US and 61.6% involve a specific state or city. Concerning student
variation, 12% of the estimates focus on either boys or girls, 4.7% on those from a mi-
nority group and almost 11% on those from a disadvantaged socio-economic background.
In contrast, 62.4% of estimates refer to the entire student body. Nearly all estimates rely
on longitudinal data (92.9%), come from administrative sources (71.2%) and are at the

12This information was collected in January 2025.

13Certain variables (e.g. educational stage) do not total 100% because studies often analyse outcomes
across multiple student groups, considering characteristics such as gender, ethnicity and socio-economic
status, along with the inclusion of controls and fixed effects. For example, a study might conduct a
subgroup analysis of Hispanic girls from socio-economically disadvantaged backgrounds in elementary
and middle schools. These categories overlap rather than being mutually exclusive.
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student level (80%). The data year mean is 2006. As for method and estimation character-
istics, DiD analyses are the most prevalent (72.7%), with more than half of the estimates
controlling for gender, minority and disadvantaged status. Regarding publication charac-
teristics, 60.1% of the estimates come from a study published in a peer-reviewed journal
with a mean impact factor of 1.5. On average, the studies have approximately 72 citations
and the publication year mean is 2017.

To account for heterogeneity between studies, we incorporate these 59 variables into
the following multiple MRA model:

zij =0 + NSE(2;5) + 12Xy + € (6)

where, as in Equation (5), z;; is the i-th Fisher’s z of the effect of school-meal programmes
on children’s outcomes from the j-th study, SE(z;;) denotes the corresponding standard
error and ¢;; is the error term. Importantly, X;; represents the set of variables that capture
heterogeneity between studies, which allows us to identify the most relevant characteristics
in explaining differences among reported estimates, while assessing the robustness of the
relationship between estimates and standard errors (Matousek et al., 2022).

Including all 59 variables in multiple MRA can significantly reduce the precision of
the overall estimation, due to collinearity.'* Moreover, prior to analysis there is often
uncertainty about which explanatory variables truly belong in the underlying model. To
account for these problems, we use BMA, which addresses model uncertainty by conduct-
ing numerous regressions that include all possible combinations of explanatory variables
(Hoeting et al., 1999; Raftery et al., 1997). It then assigns weights to each model based
on its posterior model probability, which reflects its goodness of fit. Using these weights,
it calculates the posterior inclusion probability (PIP) for each covariate. This measure
can be interpreted as the probability that a given variable is a useful predictor. When
implementing BMA, we follow previous applied meta-analyses (see, for example, Opatrny
et al., 2025; Yang et al., 2024; Kroupova et al., 2024) and employ the unit information
prior (UIP) and the dilution model prior (George, 2010).'> We also use the Markov chain
Monte Carlo algorithm, which focuses solely on models with high posterior probabili-
ties. This approach ensures computational feasibility, as it is impractical to estimate all
possible model combinations (2°).

In Figure 5 we illustrate the results from the baseline BMA model. The vertical
axis lists the explanatory variables ranked by their PIP, with the highest at the top
and the lowest at the bottom. The horizontal axis displays the cumulative posterior
model probability, sorted from left to right, based on decreasing probability. Blue colour
(darker in greyscale) denotes a positive impact of the variable on reported estimates,
while red (lighter in greyscale) suggests a negative effect. Conversely, white indicates that
this particular variable is not included in the model. As shown in the plot, publication
bias (SE(z)), school-breakfast initiatives, means-tested programmes, a focus on high-
school students, nationwide analyses, administrative data, units of observation at the
school level, inclusion of school and individual fixed effects, controlling for minority status,
publication year and number of citations are all positively associated with the reported

The inclusion of variables with low variance can lead to increased collinearity and volatile results.
However, in our case none of the variables show such low variance (Irsova et al., 2024).

5The unit information prior provides the same amount of information as one observation of data
(Eicher et al., 2011). The dilution model prior penalises models with significant collinearity, although in
our case the correlation between individual variables is not substantial (George, 2010) — see Figure C.4
in Online Appendix C.
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Table 6: Summary statistics of variables reflecting heterogeneity

Mean Std. Dev  Weighted mean

(1) 2) 3)
Outcome analysed

Outcome: Behaviour 0.091 0.288 0.166
Outcome: Health 0.334 0.472 0.299
Outcome: Education (ref.) 0.574 0.495 0.535
Programme varialion

Lunch 0.448 0.497 0.405
Breakfast 0.328 0.470 0.331
Breakfast and lunch (ref.) 0.224 0.417 0.264
Means-tested 0.385 0.487 0.287
Universal (ref.) 0.615 0.487 0.713
Elementary school 0.933 0.249 0.881
Middle school 0.603 0.489 0.593
High school 0.217 0.412 0.334
Country: US 0.703 0.457 0.713
Country: Other (ref.) 0.297 0.457 0.287
Country: National 0.384 0.487 0.359
Country: Regional (ref.) 0.616 0.487 0.641
Student variation

Female 0.057 0.231 0.050
Male 0.060 0.237 0.055
Not minority 0.032 0.176 0.028
Minority 0.047 0.212 0.043
Advantaged 0.086 0.280 0.048
Disadvantaged 0.109 0.312 0.073
All students 0.624 0.484 0.727
Type of data

Longitudinal data 0.929 0.257 0.928
Cross-sectional data (ref.) 0.071 0.257 0.072
Administrative data 0.712 0.453 0.782
Survey data (ref.) 0.288 0.453 0.218
Individual-level data 0.804 0.397 0.690
School-level data 0.158 0.365 0.260
District-level data (ref.) 0.037 0.188 0.048
Data year 2006.121 15.284 2006.217
Method and estimation characteristics

Method: DiD 0.727 0.446 0.773
Method: RDD 0.135 0.341 0.097
Method: IV 0.073 0.260 0.053
Method: Other (ref.) 0.065 0.247 0.077
Main result 0.805 0.397 0.851
Robustness (ref.) 0.195 0.397 0.149
Exposed 0.093 0.290 0.169
Not exposed (ref.) 0.907 0.290 0.831
Treatment: Dummy 0.837 0.369 0.830
Treatment: Continuous 0.110 0.312 0.113
Treatment: Categorical (ref.) 0.055 0.227 0.065
Control: Gender 0.625 0.484 0.533
Control: Age 0.367 0.482 0.288
Control: Minority 0.722 0.448 0.649
Control: Disadvantaged 0.797 0.402 0.755
Control: Family status 0.138 0.345 0.086
Control: Rural 0.245 0.430 0.166
Fixed effects: Individual 0.159 0.366 0.159
Fixed effects: School 0.388 0.487 0.425
Fixed effects: District 0.107 0.309 0.162
Fixed effects: State 0.096 0.295 0.067
Fixed effects: Year 0.676 0.468 0.729
Publication characteristics

Publication year 2017.572 5.157 2018.055
Impact factor 1.487 1.587 1.887
Citations 71.582 92.038 87.420
Published study 0.606 0.489 0.737
Working paper (ref.) 0.394 0.489 0.263
Published in economics 0.508 0.500 0.522
Not published in economics (ref.) 0.492 0.500 0.478

Note: The table presents the summary statistics of the 59 variables that capture the context in
which each estimate was obtained. The total number of observations is 2,821. The notation
‘(ref.)’ indicates the reference category for each variable included in the BMA analysis. In
Column (3), we weight each observation by the inverse number of estimates reported per
study. Extreme outliers are winsorised at the 1st and 99th percentiles. See Table B.1 in Online
Appendix B for a detailed description of the variables.
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Figure 5: Model inclusion in BMA
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Note: The figure presents the results of the baseline BMA using the unit information prior
and the dilution model prior (George, 2010). The vertical axis lists the explanatory variables
ranked by their posterior inclusion probability, while the horizontal axis displays the cumulative
posterior model probability, sorted from left to right, based on decreasing probability. Blue
colour (darker in greyscale) denotes a positive impact of the variable on reported estimates,
while red (lighter in greyscale) suggests a negative effect. Extreme outliers are winsorised at
the 1st and 99th percentiles. See Table B.1 in Online Appendix B for a detailed description of
the variables.

estimates. In contrast, conducting sub-analyses for girls, employing DiD, controlling for
family status, and publication in academic journals are negatively associated with the
reported estimates.

Table 7 presents the numerical results of the BMA analysis.'® The first column dis-
plays the posterior means in terms of Cohen’s d, which can be interpreted as the marginal

16In Table C.2 in Appendix C, we also report the BMA results for the subset of studies that examine
the impact of school-meal programmes on standardised test scores.
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Table 7: BMA results

BMA OLS
P. mean P. Std. Dev  PIP Coef. SE p-value
1) (2) (3) (4) (5) (6)

SE(z) 1.3308 0.0358 1.0000 1.3390 0.0328 0.0000
Outcome analysed
Outcome: Behaviour -0.0001 0.0005 0.0335
Outcome: Health 0.0001 0.0002 0.0219
Programme variation
Lunch -0.0002 0.0006 0.0365
Breakfast 0.0291 0.0013 1.0000 0.0292 0.0011 0.0000
Means-tested 0.0255 0.0017 1.0000 0.0251 0.0012 0.0000
Elementary school 0.0000 0.0002 0.0118
Middle school -0.0002 0.0006 0.0467
High school 0.0084 0.0019 0.8876  0.0091 0.0011  0.0000
Country: US 0.0001 0.0005 0.0297
Country: National 0.0214 0.0017 1.0000 0.0216 0.0012  0.0000
Student vartation
Female -0.0140 0.0022 0.9681 -0.0160 0.0017 0.0000
Male -0.0002 0.0006 0.0348
Not minority 0.0000 0.0003 0.0150
Minority -0.0002 0.0006 0.0329
Advantaged 0.0000 0.0002 0.0142
Disadvantaged -0.0002 0.0005 0.0426
All students 0.0000 0.0002 0.0186
Type of data
Longitudinal data -0.0025 0.0034 0.1402
Administrative data 0.0154 0.0014 1.0000 0.0143 0.0012 0.0000
Individual-level data -0.0002 0.0010 0.0280
School-level data 0.0191 0.0018 0.9886 0.0201 0.0013  0.0000
Data year -0.0000 0.0000 0.0164
Method and estimation characteristics
Method: DiD -0.0108 0.0026 0.9121 -0.0093 0.0012 0.0001
Method: RDD 0.0001 0.0006 0.0248
Method: IV 0.0001 0.0006 0.0244
Main result 0.0059 0.0021 0.7283 0.0073 0.0011 0.0011
Exposed -0.0002 0.0007 0.0350
Treatment: Dummy -0.0001 0.0003 0.0272
Treatment: Continuous 0.0007 0.0012 0.1092
Control: Gender -0.0001 0.0004 0.0288
Control: Age 0.0000 0.0002 0.0160
Control: Minority 0.0167 0.0013 0.9997 0.0179 0.0010 0.0000
Control: Disadvantaged 0.0008 0.0012 0.1182
Control: Family status -0.0224 0.0024 0.9977 -0.0233 0.0018 0.0000
Control: Rural 0.0036 0.0021 0.4667
Fixed effects: Individual  0.0143 0.0021 0.9828 0.0135 0.0014 0.0000
Fixed effects: School 0.0138 0.0016 0.9980 0.0129 0.0013  0.0000
Fixed effects: District 0.0012 0.0017 0.1387
Fixed effects: State -0.0055 0.0037 0.4000
Fixed effects: Year -0.0001 0.0004 0.0272
Publication characteristics
Publication year 0.0046 0.0002 1.0000 0.0045 0.0002 0.0000
Impact factor -0.0001 0.0003 0.0767
Citations 0.0002 0.0000 1.0000 0.0002 0.0000 0.0000
Published study -0.0092 0.0029 0.7830 -0.0111 0.0014 0.0001
Published in economics 0.0007 0.0013 0.0836

Note: Columns (1) to (3) provide the results of the baseline BMA using the unit information
prior and the dilution model prior (George, 2010). Columns (4) to (6) report the results of an
OLS model, focusing on variables with a posterior inclusion probability exceeding 0.5 in the
BMA. ‘P. mean’ denotes posterior mean, ‘P. Std. Dev’ details the posterior standard deviation
and ‘PIP’ refers to posterior inclusion probability. The posterior means and OLS coefficients are
reported in terms of Cohen’s d. Extreme outliers are winsorised at the 1st and 99th percentiles.

See Table B.1 in Online Appendix B for a detailed description of the variables.
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effects of these variables on the reported estimates. The second column presents the pos-
terior standard deviations and the third column reports the PIP for each variable in the
model. To identify the relevant variables, we follow the convention established by Jeffreys
(1961). According to this classification, PIP values of 0.5—0.75 indicate a weak effect,
0.75—0.95 suggest a moderate effect, 0.95—0.99 represent a strong effect and values from
0.99 to 1 denote a decisive effect. Among all the variables considered, only 17 have PIP
values above 0.5. The BMA results indicate that, relative to education, whether the study
analyses behaviour or health outcomes is not systematically linked to higher estimates.
In terms of programme variation, initiatives that provide only breakfast yield estimates
that are more positive. This is consistent with the bulk of evidence indicating that school-
breakfast programmes make students less likely to skip the meal (Bartfeld et al., 2009),
which, in turn, improves their outcomes. Breakfast is often regarded as the ‘most impor-
tant meal of the day’ (Martin et al., 2024). Additionally, means-tested programmes tend
to have a greater positive effect than universal ones, which contradicts evidence high-
lighting the benefits of universal school-meal provision, such as reduced stigma, increased
take-up and lower administrative costs (Altindag et al., 2020). Although the effect is
relatively small, studies focusing on high-school students also report estimates that are
more favourable. Regarding student characteristics, analyses restricted to female students
generally show negative effects, while those for males do not report statistically signifi-
cant results. These gender differences confirm that girls and boys respond differently to a
school-meal intervention that involves changes in diet and social environment (Sgrensen
et al., 2016). Neither ethnic minority status nor socio-economic advantage appears to in-
fluence the overall effect. Studies that use administrative and school-level data are more
likely to produce positive estimates. Regarding method and estimation characteristics,
DiD analyses — commonly used in studies that analyse a transition from a means-tested
to a universal free school-meal programme — are linked to poorer student outcomes. This
is in line with the fact that means-tested programmes are more effective than universal
ones. Estimates identified by the authors as ‘main results’ are positively associated with
reported estimates, as opposed to ‘robustness checks’, which may account for part of the
publication bias (Opatrny et al., 2025). However, this effect is small. Controlling for
minority status and incorporating individual and school fixed effects also tends to pro-
duce more positive findings. Recent studies with more citations report positive estimates,
while published studies in peer-reviewed journals do not, although the posterior means are
practically zero. After accounting for heterogeneity between studies, we keep confirming
small publication bias in this strand of the literature.

We conduct three robustness checks on the results that consider the whole sample.
First, in Columns (4) to (6) of Table 7, we present the results from an OLS model
that considers only variables with a PIP exceeding 0.5 in the BMA (Opatrny et al., 2025;
Kroupova et al., 2024). Second, in Figure C.5 in Online Appendix C, we test the sensitivity
of our baseline BMA to different priors. On the vertical axis we plot the PIP and on the
horizontal axis we list the explanatory variables, sorted by their PIP. In addition to our
baseline BMA model with the UIP prior and the dilution model prior (George, 2010), we
present the results of a BMA using the UIP prior and the uniform model prior (Eicher
et al., 2011), as well as the Bayesian risk information criterion (BRIC) prior and the
random model prior (Ley and Steel, 2009; Fernandez et al., 2001).1” Third, in Table C.3

"The uniform model prior assigns equal probability to all models (Eicher et al., 2011). The BRIC
prior penalises model complexity by applying a penalty to models with more explanatory variables. The
random prior introduces uncertainty regarding the inclusion probability of each variable, allowing the
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in Online Appendix C, we report findings using frequentist model averaging (FMA). Like
BMA, FMA addresses model uncertainty, but does not require prior specification (Wang
et al., 2009).1® All three tests produce results that are consistent with our baseline BMA
findings.

Overall, we observe little heterogeneity in the literature on the impact of school-
meal programmes on children’s outcomes. Most of the characteristics considered have an
economically negligible effect on the reported estimates. Even after accounting for these
factors, bias in favour of positive estimates is small.

5 Concluding remarks

This paper studies the extent to which school-meal programmes have a causal impact
on children’s outcomes in rich economies and, in particular, on education, health and
behaviour. We use novel meta-analytical techniques to account for publication bias and
model uncertainty in this strand of the literature. Drawing on 2,821 estimates from 42
studies and 150,000+ data points, we document the fact that publication bias is small
and is mostly concentrated among studies that focus on the analysis of test scores. Once
estimates are adjusted for publication bias, the overall causal effect of school-meal pro-
grammes on child development is minimal. However, our heterogeneity analysis indicates
that students participating in means-tested programmes and those receiving breakfast
tend to experience greater benefits than those in universal programmes and/or who are
served only lunch.

Does this suggest that school-meal programmes are not worth the investment and
should be withdrawn? First, our results do not imply that school meals should be removed,
as we focus primarily on the expansion or improvement of a programme that was already
in place. Thus, we lack evidence on what would happen if school meals were removed. The
limited evidence available suggests a negative effect on mental health (Bethmann and Cho,
2022) and obesity (Maruyama and Nakamura, 2025). Second, the benefits of school-meal
programmes may extend beyond immediate educational or health outcomes and operate
on a medium- to long-term basis — a time frame that we could not consider in this meta-
analysis, as there is an insufficient number of studies on this. Additionally, school-meal
programmes may impact children through other channels, such as household finances,
parental employment, work-family balance and enhanced social skills facilitated through
socialisation. Third, the effectiveness of school-meal programmes may depend on their
quality, the nutritional content of the food provided, the opportunities to socialise and
communicate with peers, the inclusion of extracurricular activities and/or the effectiveness
of mealtime supervision. These may be important features, but could not be considered,
as such information is rarely collected. Lastly, it is important to note that our findings
are specific to developed countries and may not be generalised to developing economies,
where school-meal programmes serve other objectives, such as combating malnutrition
and improving school attendance.

This strand of literature needs more research. Several issues should be addressed,
such as the impact of school-meal programmes on other child outcomes, beyond those
considered in this study, as well as their long-term effects. It will only be possible to reach

data to inform the model size (Ley and Steel, 2009).

IBEFMA estimators depend on the weights assigned to different models. To select these model weights,
we minimise Mallow’s criterion. This approach balances the trade-off between model complexity and
goodness of fit (Hansen, 2007).
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a conclusion on these other aspects when we have more studies in this area. Perhaps then
we will be able to understand better the key contextual factors and features that ensure
the success of a school-meal programme. This is essential if we are to provide evidence
that can help policy-makers design policies that can improve children’s well-being and
reduce socio-economic inequalities.
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Figure A.1: PRISMA flow diagram
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B Details on variables explaining heterogeneity

In this appendix, we describe the variables collected for the meta-analysis, which re-
flect the key differences between primary studies. These variables were selected follow-
ing a review of the literature on the impact of school-meal programmes in developed
economies. We begin by explaining the main outcomes of interest in the three domains
under scrutiny — behaviour, health and education — as well as programme character-
istics, such as whether the programme offers breakfast, lunch or both, and the type of
provision: means-tested or universal. We also account for student-level variation. We then
discuss the variables related to the type of data, methodology, estimation and publication
characteristics, whose inclusion is now common practice in recent meta-analysis.

Outcome analysed. The first dimension on which the literature on the impact
of school-meal programmes differs is the outcomes analysed. The majority of studies
focus on three domains: behaviour, health and education. Regarding behaviour, research
examines diverse aspects, including disciplinary infractions, suspension rates, bullying
and fights. These studies use the implementation of free meals across schools as a means
of identifying variation, and generally document positive impacts (Domina et al., 2024;
Cuadros-Menaca et al., 2023; Gordon and Ruffini, 2021; Gutierrez, 2021; Altindag et al.,
2020).

In terms of health, body mass index (BMI) is the primary metric of interest. Nev-
ertheless, changes in BMI are difficult to interpret, especially in school-level studies that
compare children of different ages (Davis and Musaddiq, 2019). A change in the mean
BMI does not provide information about where in the weight distribution the change is
occurring. For instance, obese or underweight children losing weight can have the same
impact on the mean BMI, though they have different health implications (Davis and Mu-
saddiq, 2019). Hence, researchers also rely on alternative weight indicators, including
underweight, overweight and obesity status. The findings from these studies range from
positive (Holford and Rabe, 2022, 2024; Gundersen et al., 2012) to null or negative effects
(Schwartz and Rothbart, 2020; Corcoran et al., 2016; Millimet et al., 2010; Schanzenbach,
2009). A minority of studies explore additional health outcomes, such as nutrient intake
or health limitations (defined as factors that affect participation in childhood activities,
school attendance or the performance of schoolwork).

As for educational outcomes, most of the analysis focuses on attendance and academic
achievement. Regarding school attendance (or absenteeism), a few studies report positive
impacts (Gordanier et al., 2020; Belot and James, 2011), while the majority indicate
null effects (Cuadros-Menaca et al., 2022; Corcoran et al., 2016; Imberman and Kugler,
2014; Leos-Urbel et al., 2013). In settings such as those analysed in these studies, where
attendance rates are already high, school-meal programmes do not imply any improvement
in attendance (Corcoran et al., 2016). Concerning academic achievement, nearly all the
studies evaluate the impact of the provision of school meals on standardised test scores in
Maths and Language (mainly English) and, to a lesser extent, in Science, and return mixed
results. Part of the literature documents positive effects by which school-meal programmes
enhance children’s standardised test scores (Aylléon and Lado, 2025; Cuadros-Menaca et
al., 2022; Ruffini, 2022; Norwood, 2020; Gordanier et al., 2020; Schwartz and Rothbart,
2020; Frisvold, 2015; Imberman and Kugler, 2014; Belot and James, 2011).1° Yet Abouk

YHowever, there is the possibility that these improvements may be short-lived due to the heightened
caloric intake on exam days (Imberman and Kugler, 2014). In fact, Figlio and Winicki (2005) provide
evidence that schools facing accountability sanctions increase the caloric content of their lunches on

34



and Adams (2022), Corcoran et al. (2016) and Leos-Urbel et al. (2013) find no evidence
that universal free breakfasts enhance test scores. Other educational outcomes analysed
include annual grades, grade retention and years of completed education (Biitikofer et al.,
2018; McEwan, 2013; Hinrichs, 2010), again with mixed results.

Programme variation. The literature on the impact of school-meal programmes has
not reached any consensus regarding the best way to design such programmes; this may
be attributed to the relatively recent development of this field of study and differences
in the contexts in which the programmes operate (Lundborg et al., 2022; Maruyama and
Nakamura, 2025). Consequently, the studies included in the meta-analysis differ in terms
of the characteristics of the school-meal programmes analysed. The first source of variation
concerns the types of meal provided. Some programmes offer only breakfast, while others
provide only lunch. Furthermore, there are initiatives that cover both breakfast and lunch,
such as the Community Eligibility Provision (CEP) programme in the US.

The second source of variation between programmes is related to the eligibility criteria.
Certain countries provide universal free meals to all students, regardless of their income
level. Others restrict free meals to schools identified as disadvantaged. Additionally,
many countries offer reduced-price or free meals based on income eligibility. The question
of whether school-meal programmes should be universal or means-tested (whether at
the individual or the school level) is a major topic of discussion in the literature. On
the one hand, universal programmes may reduce administrative costs and the stigma
associated with receiving free school meals, but they can be very costly (Altindag et al.,
2020). On the other hand, means-tested programmes have the potential to reduce costs
by efficiently targeting children in need; nonetheless, the bureaucracy and the potential
for stigmatisation can increase non-take-up among needy families (Holford, 2015).2

Causal evidence of the impact of means-tested school-meal programmes is scarce and
inconclusive.?! Schanzenbach (2009) and Millimet et al. (2010) both identify negative
effects of the NSLP on child weight outcomes. Conversely, Frisvold (2015), Bhattacharya
et al. (2006) and Millimet et al. (2010) find positive effects of the SBP on child health
and educational outcomes. Hinrichs (2010) shows similarly positive effects, albeit long
term, on educational attainment for the NSLP. Research on universal free school meals
is more extensive. Most of the literature exploits the staggered implementation of such
programmes using a DiD approach. This evidence suggests that school-wide free meals
increase programme participation, with effects on behaviour, health and education ranging
from positive to null (Davis et al., 2024; Holford and Rabe, 2022, 2024; Gordon and
Ruffini, 2021; Altindag et al., 2020; Leos-Urbel et al., 2013).

Primary studies also vary in terms of the educational level at which the school-meal
programme is implemented and the geographical location. As for educational level, most
analyses focus on elementary schools (e.g. Abouk and Adams, 2022; Frisvold, 2015), while
a few examine the effects of school meals in middle or high schools (e.g. Gutierrez, 2021;
Schwartz and Rothbart, 2020). Regarding geographical coverage, the majority of studies
on developed economies have focused on the US, where data on participation is regularly

testing days to enhance short-term student performance.

20In the US, despite the 1970 amendments to the National School Lunch Act that prohibited the ‘overt
identification’ of students receiving reduced-price or free school meals, at schools that allow both cash
and non-cash transactions students may still be able to identify their peers who receive subsidised school
meals (Gordon and Ruffini, 2021).

2INote that endogenous selection issues are more prevalent in means-tested school-meal programmes
than in universal ones. Consequently, finding a convincing identification strategy becomes more challeng-
ing.
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collected.?? In contrast, evidence from outside the US is limited. Existing studies examine
the effects of different programmes in Chile (McEwan, 2013), Colombia (Collante Zérate
et al., 2024), Norway (Biitikofer et al., 2018), South Korea (Bethmann and Cho, 2022;
Kim, 2021; Altindag et al., 2020), Spain (Ayll6n and Lado, 2025), Sweden (Lundborg et
al., 2022) and the UK (Borbely et al., 2024; Holford and Rabe, 2022, 2024; Belot and
James, 2011). Notably, the vast majority of analyses are conducted at the regional level
for two main reasons: i) the educational systems in the countries analysed are largely
decentralised at the state or regional level; and ii) data unavailability at the national level
implies that studies using administrative data are often conducted at the regional level,
where access to data may be easier.

Student variation. Aside from programme attributes, the studies included in the
meta-analysis differ in terms of the sub-analyses conducted, as the effectiveness of school-
meal programmes may vary according to student characteristics, including gender, grade,
age and socio-economic status. For example, gender disparities in health outcomes may
arise from differences in development rates between boys and girls, or from their unique re-
sponses to potential stigma associated with means-tested school-meal programmes (Davis,
2019). Socio-economic background also influences the effectiveness of school-meal pro-
grammes. Children from economically disadvantaged families who receive free meals
under means-tested schemes may experience feelings of exclusion or embarrassment, im-
pacting their participation (Kho, 2018). The introduction of universal free school-meal
programmes can help to reduce stigma. Additionally, in these programmes, non-low-
income students may benefit from increased family resources, which could increase their
participation in extracurricular activities. For example, Kim (2021) documents that the
introduction of free school meals in South Korea caused more students to take part in
after-school programmes.

Type of data. The literature on the causal effects of school-meal programmes on
children’s outcomes often relies on different sources of data. Most analyses use longitudinal
administrative data, following children over several academic years (e.g. Cuadros-Menaca
et al., 2022). In contrast, studies that employ survey data are normally cross-sectional (e.g.
Dunifon and Kowaleski-Jones, 2003), since longitudinal surveys that include information
on school-meal participation are rarely available — with the exception of ECLS-K.?3
Another source of variation concerns the unit of observation at which data are collected,
including individual-level (e.g. Abouk and Adams, 2022), school-level (e.g. Altindag et
al., 2020) and district-level data (e.g. Ruffini, 2022). The time frame of the effect is also a
key difference: the vast majority of studies focus on short-term outcomes, while Lundborg
et al. (2022), Biitikofer et al. (2018) and Hinrichs (2010) are the only ones to examine
the long-term implications of exposure to free school meals during childhood. This is also
a piece of information that we consider in our meta-analysis.

Method and estimation characteristics. As explained in Section 2, we only in-
cluded studies that provide credible causal estimates, employing techniques such as DiD,
RDD and IV. Research relying on DiD usually analyses the effects on child outcomes of
a transition from means-tested to universal free school meals. These studies identify the

2For example, the Early Childhood Longitudinal Study-Kindergarten Cohort (ECLS-K) includes
school-level information on breakfast and lunch availability, as well as the percentage of students re-
ceiving school-meal subsidies.

23The OECD Programme for International Student Assessment (PISA) for Development collects cross-
sectional, school-level data on meal provision and records parental involvement in meal preparation and
distribution. This information is available only for low- and middle-income countries. PISA data for
high-income countries does not contain these variables.
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causal effect through two alternative identification strategies. Some compare regions or
schools that transition with those that do not (e.g. Bethmann and Cho, 2022); others
exploit variation in exposure times (e.g. Lundborg et al., 2022). In the latter case, some
researchers narrow the sample to include only students exposed to universal free school
meals at some point during the period of analysis (Rothbart et al., 2023), while others
consider the entire population, comparing students treated at some point in time with
those not yet treated or never treated (Cuadros-Mefaca et al., 2023). This is why we also
collect information on exposure.

RDD and IV are normally used in studies that examine the effects of means-tested
school-meal programmes that rely on eligibility criteria, usually defined by an income
threshold (e.g. Schanzenbach, 2009). However, a number of studies using these techniques
examine the CEP programme in the US, which provides universal free school meals (Davis
and Musaddiq, 2019). Eligibility for this programme, as described in Table C.1 in Online
Appendix C, depends on the identified student percentage (ISP), which represents the
proportion of students who are eligible for means-tested free school meals or who par-
ticipate in other federal means-tested public assistance programmes. Researchers often
use this discontinuity in the ISP to examine the causal impact of universal free school
meals.

Another key aspect is how treatment is defined and the inclusion of control variables
in the regressions. Regarding treatment, most studies include a dummy variable, typi-
cally indicating whether or not the student receives free school meals. However, some
researchers examine how outcomes vary with the duration of exposure. To do so, they
employ both continuous (e.g. Hinrichs, 2010) and categorical (e.g. Holford and Rabe,
2022) treatment variables. We take all this information into account in our dataset. As
for controls, we collect standard variables, including gender, age, whether the student
is from a minority ethnic group or has a disadvantaged background, family status and
whether the student lives in a rural area. Additionally, we gather information on individ-
ual, school, district, state and year fixed effects, which are commonly employed in DiD
analyses using longitudinal administrative data.

Publication characteristics. As in previous meta-analyses, we assemble a range of
variables that reflect the quality of each study. We begin by recording whether the study
was published in a peer-reviewed journal or was a working paper. Excluding working
papers, particularly older ones, might provide a skewed view of the literature, if the
results are counterintuitive and face difficulties in being published in a peer-reviewed
journal, thus increasing publication bias. We then consider whether the study has been
influential, including the number of citations according to Google Scholar. Additionally,
for published studies, we collect a range of variables to control for article quality, including
the journal’s impact factor and whether it was published in an economics journal. Finally,
we also gather the publication year.
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Table B.1: Description of variables reflecting heterogeneity

Variable

Description

Outcome analysed

Outcome: Behaviour

Outcome: Health
Outcome: Education (ref.)

= 1 if behavioural outcome (e.g. misbehaviour, discipline, school
exclusions).

= 1 if health outcome (e.g. BMI, weight, height, nutrition).

= 1 if educational outcome (e.g. test scores, annual grades, atten-
dance).

Programme variation

Lunch

Breakfast

Breakfast and lunch (ref.)
Means-tested

Universal (ref.)

Elementary school
Middle school

High school

Country: US

Country: Other (ref.)
Country: National
Country: Regional (ref.)

= 1 if the programme only covers lunch.

= 1 if the programme only covers breakfast.

= 1 if the programme covers breakfast and lunch.

= 1 if the programme is means-tested (i.e. programme eligibility is
determined based on family income).

= 1 if the programme is universal (i.e. available to all individuals
without any means-testing or specific eligibility criteria).

= 1 if the effect is estimated for students in elementary school.

= 1 if the effect is estimated for students in middle school.

= 1 if the effect is estimated for students in high school.

= 1 if the country of analysis is the US.

= 1 if the country of analysis is not the US.

= 1 if the analysis is at the national level.

= 1 if the analysis is at the regional level.

Student variation

Female

Male

Not minority
Minority

Advantaged

Disadvantaged

All students

= 1 if the effect is estimated for female students.

= 1 if the effect is estimated for male students.

= 1 if the effect is estimated for non-minority students.

= 1 if the effect is estimated for minority students (e.g. black, His-
panic).

= 1 if the effect is estimated for advantaged students (e.g. high-
income, above-median income, highly educated parents, high aca-
demic achievement).

= 1 if the effect is estimated for disadvantaged students (e.g. low-
income, below-median income, poorly educated parents, disabled,
low academic achievement).

= 1 if the effect is estimated for the whole population of students.

Type of data

Longitudinal data
Cross-sectional data (ref.)
Administrative data
Survey data (ref.)
Individual-level data
School-level data
District-level data (ref.)
Data year

= 1 if longitudinal data is used.

= 1 if cross-sectional data is used.

= 1 if administrative data is used.

= 1 if survey data is used.

= 1 if data is at the individual level.

= 1 if data is at the school level.

= 1 if data is at the district level.

Year mean of the data used. In cases where the effects are long-
term, ‘Data year’ refers to the time when individuals received the
treatment.

Method and estimation characteristics

Method: DiD
Method: RDD

Method: IV
Method: Other (ref.)
Main result
Robustness (ref.)
Exposed

= 1 if the difference-in-differences approach is used for estimation.
= 1 if the regression discontinuity design approach is used for esti-
mation.

= 1 if the instrumental variables approach is used for estimation.
= 1 if some other approach is used for estimation.

= 1 if the authors present the result as a main finding.

= 1 if the authors present the result as a robustness check.

= 1 if the analysis excludes students who are never treated.

Continued on next page
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Table B.1: Description of variables reflecting heterogeneity (continued)

Variable Description

Not exposed (ref.) = 1 if the analysis includes students who are never treated.

Treatment: Dummy = 1 if the treatment is a dummy variable.

Treatment: Continuous = 1 if the treatment is a continuous variable.

Treatment: Categorical (ref.) = 1 if the treatment is a categorical variable.

Control: Gender = 1 if estimation controls for students’ gender.

Control: Age = 1 if estimation controls for students’ age.

Control: Minority = 1 if estimation controls for students’ minority status (e.g. black,
Hispanic).

Control: Disadvantaged = 1 if estimation controls for students’ disadvantaged background

(e.g. low-income, below-median income, poorly educated parents,
disabled, low academic achievement).

Control: Family status = 1 if estimation controls for students’ family status.

Control: Rural = 1 if estimation controls for students’ rural status.

Fixed effects: Individual = 1 if estimation includes individual FE.

Fixed effects: School = 1 if estimation includes school FE.

Fixed effects: District = 1 if estimation includes district FE.

Fixed effects: State = 1 if estimation includes state FE.

Fixed effects: Year = 1 if estimation includes year FE.

Publication characteristics

Publication year Publication year of the study.

Impact factor The Journal Citation Reports (JCR) impact factor of the journal in
which the primary study was published.

Citations Number of Google Scholar citations.

Published study = 1 if the study is published in a peer-reviewed journal.

Working paper (ref.) = 1 if the study is a working paper.

Published in economics = 1 if the study is published in a peer-reviewed economics journal.

Not published in economics = 1 if the study is not published in a peer-reviewed economics jour-

(vef.) nal.

Note: The table details all the variables collected in the meta-analysis and used in the BMA
analysis. The notation ‘(ref.)’ indicates the reference category for each variable included in the
BMA analysis.
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C Additional tables and figures

Table C.1: School-meal programmes assessed in the primary studies

Programme

Country

Description

Ajuts individuals de
menjador

Breakfast After the Bell
(BAB)

Community Eligibility
Provision (CEP)

Eco-friendly Free School
Meal Program

National School Lunch
Program (NSLP)

‘Oslo breakfast’

Programa de
Alimentacion Escolar
(PAE)

Programa de
Alimentacion Escolar

(PAE)

Swedish School Lunch
Programme

Barcelona
(Spain)

US

US

South Korea

US

Norway

Chile

Colombia

Sweden

This subsidises 70% of the cost of the daily menu for pupils
whose income is below a certain threshold, defined accord-
ing to their family structure. Students whose income is
below 60% of this threshold and who obtain 10 points in
a so-called family circumstances and social needs assess-
ment by the Institute of Social Services, receive free school
meals.

The BAB programme provides free breakfasts after the
school day begins. Its delivery model includes breakfast
in the classroom (BIC), grab-and-go and additional break-
fast periods.

This extends free school meals (breakfast and lunch) to
all students within a school or district. Eligibility is de-
termined by the identified student percentage (ISP), which
represents the proportion of students within a school or
district who qualify for free school meals based on their
household’s participation in federal means-tested pub-
lic assistance programmes (e.g. Supplemental Nutrition
Assistance Program or Temporary Assistance for Needy
Families).

This has provided free school meals to all students, re-
gardless of family income, since 2011.

This offers reduced-price school meals to pupils from fami-
lies with incomes of between 130% and 185% of the federal
poverty line (FPL) and free school lunches to those below
130% of the FPL.

This provides free school breakfasts to all students in pri-
mary school. It was introduced during the 1920s and
1930s.

This provides free school meals to pupils from 60% of
the most vulnerable or socio-economically disadvantaged
households. The caloric content of meals varies between
schools, and is determined by a vulnerability index, which
is a weighted average of socio-economic and anthropomet-
ric measures derived from survey data on first-year stu-
dents.

This is a nationwide programme that provides free school
meals. Full-day schools, rural schools and vulnerable ur-
ban schools are prioritised. Within each school, the School
Feeding Committee determines which students will receive
meals and the type of meal provided.

This provides free school lunches to all students in primary
school. It was gradually rolled out across municipalities
in the 1950s and 1960s.

Continued on next page
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Table C.1: School-meal programmes assessed in the primary studies (continued)

Programme Country Description
School Breakfast US This follows the same eligibility criteria as the NSLP. Fam-
Program (SBP) ilies with incomes of between 130% and 185% of the FPL

are eligible for reduced-price breakfasts, while those below
130% of the poverty line qualify for free school breakfasts.

Universal Infant Free England and This provides free school lunches to pupils in reception,

School Meals (UIFSM) Scotland year 1 and year 2 in all government-funded schools. The
means-tested system remains in place for children in year
3 and above.

Note: The table describes the most frequent school-meal programmes analysed in the literature.
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Table C.2: BMA results for standardised test scores

P. mean P. Std. Dev PIP

(1) (2) (3)
SE(z) 0.7434 0.0705 1.0000
Programme variation
Lunch -0.1262 0.1050 0.7852
Breakfast -0.0985 0.0468 0.8539
Means-tested 0.1742 0.1103 0.8580
Elementary school 0.0001 0.0029 0.0236
Middle school -0.0001 0.0034 0.0255
High school -0.0215 0.0313 0.3707
Country: National 0.1084 0.1041 0.6650
Student variation
Female -0.0000 0.0024 0.0202
Male 0.0009 0.0055 0.0437
Not minority -0.0001 0.0023 0.0210
Minority -0.0006 0.0042 0.0404
Advantaged -0.0003 0.0026 0.0302
Disadvantaged -0.0012 0.0050 0.0770
All students 0.0127 0.0108 0.6435
Type of data
Administrative data 0.1481 0.0755 0.8474
Individual-level data 0.1101 0.0941 0.6383
School-level data -0.0059 0.0274 0.1228
Data year -0.0427 0.0088 1.0000
Method and estimation characteristics
Method: DiD 0.0000 0.0042 0.0312
Method: RDD 0.2198 0.0840 0.9801
Method: IV 0.0003 0.0044 0.0208
Main result -0.0010 0.0055 0.0489
Exposed -0.0040 0.0137 0.1066
Treatment: Dummy 0.0004 0.0031 0.0319
Treatment: Continuous -0.0007 0.0047 0.0386
Control: Gender -0.0002 0.0035 0.0340
Control: Age -0.0196 0.0276 0.3907
Control: Minority 0.0009 0.0073 0.0459
Control: Disadvantaged  -0.0018 0.0100 0.0550
Control: Rural -0.0037 0.0123 0.1140
Fixed effects: Individual  0.0056 0.0124 0.2088
Fixed effects: School -0.0019 0.0081 0.0782
Fixed effects: District -0.0134 0.1411 0.2011
Fixed effects: Year 0.2212 0.0737 0.9900
Publication characteristics
Publication year 0.0363 0.0097 1.0000
Impact factor -0.0089 0.0194 0.2938
Citations 0.0002 0.0007 0.2647
Published study 0.0038 0.0168 0.0858

Published in economics -0.0142 0.0476 0.1686

Note: The table presents the results of the baseline BMA using the unit information prior
and the dilution model prior (George, 2010). The variables ‘country: US’, ‘longitudinal data’,
‘fixed effects: state’ and ‘control: family status’ are omitted due to low variance. ‘P. mean’
denotes posterior mean, ‘P. Std. Dev’ details the posterior standard deviation and ‘PIP’ refers
to posterior inclusion probability. The posterior means are reported in terms of Cohen’s d.
Extreme outliers are winsorised at the 1st and 99th percentiles. See Table B.1 in Online
Appendix B for a detailed description of the variables.
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Table C.3: FMA results
Coef. SE p-value
n @ @

SE(z) 1.4408 0.0407  0.0000
Outcome analysed
Outcome: Behaviour -0.0014 0.0020 0.7260
Outcome: Health 0.0018 0.0014 0.5200
Programme variation
Lunch 0.0016  0.0025 0.7490
Breakfast 0.0242 0.0020 0.0000
Means-tested 0.0212 0.0025 0.0000
Elementary school -0.0004 0.0020 0.9200
Middle school -0.0068 0.0015 0.0230
High school 0.0100 0.0019 0.0080
Country: US 0.0106  0.0029 0.0680
Country: National 0.0284 0.0021  0.0000
Student variation
Female -0.0242 0.0039 0.0020
Male -0.0132 0.0039 0.0910
Not minority -0.0102 0.0044 0.2460
Minority -0.0174 0.0042 0.0380
Advantaged -0.0118 0.0042  0.1600
Disadvantaged -0.0170  0.0042 0.0430
All students -0.0138 0.0042 0.1000
Type of data
Longitudinal data -0.0120 0.0039 0.1240
Administrative data 0.0260 0.0021  0.0000
Individual-level data 0.0148 0.0041 0.0710
School-level data 0.0288 0.0038 0.0000
Data year 0.0002 0.0001 0.3170
Method and estimation characteristics
Method: DiD -0.0136  0.0024  0.0050
Method: RDD 0.0034 0.0032 0.5950
Method: IV -0.0048 0.0035 0.4930
Main result 0.0064 0.0013 0.0140
Exposed -0.0054 0.0027 0.3170
Treatment: Dummy 0.0062 0.0021  0.1400
Treatment: Continuous 0.0096  0.0025  0.0550
Control: Gender -0.0034 0.0018 0.3450
Control: Age 0.0020 0.0016 0.5320
Control: Minority 0.0124 0.0019 0.0010
Control: Disadvantaged  0.0024  0.0020 0.5490
Control: Family status -0.0242 0.0027 0.0000
Control: Rural 0.0054 0.0016 0.0920
Fixed effects: Individual 0.0160 0.0018  0.0000
Fixed effects: School 0.0160 0.0018 0.0000
Fixed effects: District 0.0180 0.0030 0.0030
Fixed effects: State -0.0120 0.0029  0.0390
Fixed effects: Year -0.0070 0.0019 0.0650
Publication characteristics
Publication year 0.0048  0.0003  0.0000
Impact factor -0.0020 0.0006  0.0960
Citations 0.0002 0.0000 0.0000
Published study -0.0114 0.0025 0.0230
Published in economics 0.0124 0.0025 0.0130

Note: The table presents the results of the FMA. The coefficients are reported in terms of
Cohen’s d. Extreme outliers are winsorised at the 1st and 99th percentiles. See Table B.1 in
Online Appendix B for a detailed description of the variables.
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Figure C.1: Distribution of the z-statistics

Density

4 5
z-statistic

Note: The figure presents a histogram of z-statistics for each estimate from primary studies.
Extreme outliers are winsorised at the 1st and 99th percentiles. *** denotes a z-statistic of

2.58, ** indicates a z-statistic of 1.96 and * represents a z-statistic of 1.65.
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Figure C.2: Distribution of the effect sizes for standardised test scores
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Note: The histogram displays the effect sizes from primary studies analysing the effects of school-
meal programmes on standardised test scores. The solid line is set at zero, while the dashed
line represents the sample mean. Extreme outliers are winsorised at the 1st and 99th percentiles.
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Figure C.3: Funnel plot for standardised test scores
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Note: The figure presents the relationship between effect sizes from primary studies analysing
the effects of school-meal programmes on standardised test scores and their precision. The
solid line represents zero, the dotted line indicates the median and the dashed line represents
the sample mean. Extreme outliers are winsorised at the 1st and 99th percentiles.
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Figure C.4:
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Note: This figure presents the correlation between all variables introduced in the multiple
meta-regression. Extreme outliers are winsorised at the 1st and 99th percentiles. See Table B.1
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in Online Appendix B for a detailed description of the variables.
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Figure C.5: Sensitivity of BMA to different priors
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Note: The figure presents the results of the BMA with different priors. On the vertical axis,
we plot the PIP and on the horizontal axis, we list the explanatory variables, sorted by their
PIP. Circles represent the BMA results using the unit information prior and dilution prior as
proposed by George (2010). Triangles indicate results employing the UIP and uniform priors
as suggested by Eicher et al. (2011). Crosses show the results using priors recommended by
Fernandez et al. (2001). Extreme outliers are winsorised at the 1st and 99th percentiles. See
Table B.1 in Online Appendix B for a detailed description of the variables.
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