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The education gap between urban and rural areas has long been a significant
challenge for developing countries. This study evaluates the impact of China’s
large-scale Nutrition Improvement Program (NIP) on the educational outcomes
of rural children, investigating the root causes of the urban—rural education divide
from the early stages of human capital development. Using data from the China
Family Panel Studies (2010-2020), we reveal three notable findings: (1) NIP has
significantly boosted rural children’s language grades by 0.223 standard deviations
and math grades by 0.172 standard deviations. Over the long term, NIP raised
the high school enrollment rate by 8.2%. (2) Heterogeneity analysis indicates that
NIP is more effective for relatively disadvantaged groups, such as girls, younger
children, and children from low-income families. (3) NIP enhances children’s
educational outcomes by improving children’s nutritional intake, strengthening
cognitive and non-cognitive abilities, reshaping family educational expectations,
and increasing families’ investment in education. Our findings provide valuable
insights for refining public policies and contribute significantly to advancing
educational equity across regions.

KEYWORDS
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1 Introduction

Nutrition improvement is key to enhancing individual health and a crucial foundation for
advancing educational achievement, promoting employment, and reducing poverty (1, 2).
Proper nutrition is essential for fostering health and economic well-being in low- and middle-
income countries. Neglecting nutrition can have lasting negative impacts on a nation and its
citizens. Statistics show that malnutrition costs the global economy an estimated $3.5 trillion
annually (3). The nutritional challenges in developing countries can be severe, and over the
past decade, nutritional improvement has become an increasingly important solution for
sustainable development (4).

While education and nutritional health have been strongly correlated, teasing out this
causality has been challenging (5, 6). The NIP, a quasi-natural experiment, offers a prime
opportunity to explore the causal link between health and education, examining whether such
targeted health interventions can enhance educational outcomes. Almost all developed
countries have NIP Studies from developed countries such as the United States (7), Sweden
(8), United Kingdom (9) have highlighted the positive impact of NIPs on education, including
improved scores on language and science tests, higher academic achievement, and extended
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years of education. However, some studies have reported contrary
results. For instance, Gordanier et al. (10) found that the impact of
NIP on elementary students’ reading scores in South Carolina was not
statistically significant. Bartfeld et al. (11) noted that the NIP in
Wisconsin improved standardized reading scores for boys but had no
effect on girls. Similar mixed results have been found in developing
countries. Research in India and Kenya has indicated that NIPs are
correlated with higher test scores (12, 13), indicating that the
importance of child health for educational achievement may be greater
than previously estimated, considering unobserved factors such as
family preferences and health endowments. Due to the short
implementation time of China’s NIP policy, few studies have been
conducted in China. Fang and Zhu (14) demonstrated that the NIP
improved children’s cognitive outcomes. However, some studies have
argued that the impact of NIP on education is limited. McEwan (15)
evaluated Chile’s NIP, finding no significant effect on fourth graders’
math and language grades. A comparative analysis of school meal
programs in developing countries revealed that the positive impact on
growth, cognitive abilities, and academic performance of school-age
children who received school meals was not as clear as compared to
those who did not receive free meals (16).

The main issue with previous research is as follows: Firstly, the
impact of NIP on educational outcomes remains uncertain, with a lack
of consensus among various studies. Most research has focused on
developed countries, where the context of NIP significantly differs
from that of developing nations, making it challenging to directly
apply these findings to the latter. Secondly, research in developing
countries is often limited by small sample sizes and a narrow focus on
specific areas or schools. The results of small-scale trials may not align
with the effects of large-scale implementation, as the treatment effect
may diminish as the scale of implementation rises, meaning that the
research conclusions may not serve as an accurate representation of
the NIPs impact. Finally, current research on Chinas NIP
predominantly centers on children’s health or cognitive abilities, with
relatively fewer analyses on educational outcomes. Given the
widespread reach of China’s NIP and its impact on a vast population,
the question of how to leverage these initiatives to reduce nutrition
inequality and, in turn, education inequality is a pressing issue that
deserves further study.

No universal consensus on how improved nutrition affects
educational achievements has emerged, particularly in the context of
China, where studies on the nation’s Nutritional Improvement
Program (NIP) have been sparse. China launched the NIP for rural
students in the year of 2011, offering free, nutritious meals to improve
their health, covering 50 million students in compulsory education,
making it one of the world’s most extensive free meal policies (17).
Our study focuses on the vulnerable group of rural children to
evaluate how improvements in nutrition affect their educational
outcomes. We seek to identify and propose policies that can
significantly enhance the education of rural children. By making early
interventions in the formation of human capital, we hope to bridge the
educational divide between urban and rural areas and foster greater
educational equity.

Using China’s NIP as a quasi-natural experiment, applying a
difference-in-differences (DID) method, we analyze the causal
relationship between free school meals and education outcomes.
Using microdata from the 2010-2020 China Family Panel Studies
(CFPS), we explore the dynamics, intensity, and long-term effects of
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nutritional improvement on rural children’s educational outcomes.
Our findings reveal that NIP has increased language scores by 0.223
standard deviations and math grades by 0.172 standard deviations for
children aged 6-15. The NIP has also increased the pass rates for
language and math by 6.8 and 5.7%, respectively. Furthermore, the
NIP raised high school enrollment in pilot areas by 8.2% for children
aged 16-18.

Heterogeneity analysis reveals that the NIP has had a more
significant effect on the educational outcomes of younger children,
girls, and children from low-education and low-income families,
suggesting that the NIP has a significant poverty-reduction effect.
However, we also discovered that these positive effects are only evident
in areas designated as national pilot areas, and not local areas. Our
estimation results indicate that government-subsidized school meal
programs positively affect children’s educational outcomes, with more
disadvantaged children enjoying greater benefits. Our findings
indicate that interventions to improve children’s health during school
age are crucial for reducing educational disparities and consequent
economic inequalities in adulthood.

The mechanisms by which free school meals improve children’s
educational outcomes have primarily focused on the role of nutrition
in child physical and mental health. Malnourished children often
suffer from severe cognitive delays, and improved nutrition can
improve children’s dietary structure, reduce the incidence of
malnutrition, and enhance children’s health (18). Research in Ghana
indicated that micronutrient-dense foods have a significant influence
on NIPs, and nutritious school lunches are associated with higher
energy intake and nutritional richness (19). Liu et al. (20) and
Bethmann et al. (21) found that nutritious lunches significantly
improved students’ psychological health, reducing instances of crying.
However, some studies have suggested that nutrition improvement has
no significant positive impact on children’s health outcomes, and
participants in NIPs did not consume higher-quality diets compared
with nonparticipants (22). Wang et al. (23) noted that students
participating in NIPs generally have better health. A survey of 100
rural primary schools in northwest China found that the NIP did not
reduce the incidence of malnutrition among the sampled students (24).

NIP affects children’s educational outcomes through multiple
mechanisms in our study. Regarding the nutritional input mechanism,
these initiatives increase children’s consumption of fish, eggs, milk,
fruit, and vegetables, enhancing their dietary intake. From the
capability perspective, educational outcomes are a composite
reflection of children’s abilities, and the NIP partially boosts children’s
cognitive performance, in terms of noncognitive skills and heightens
their effort, self-discipline, and concentration in learning, in addition
to instilling a sense of responsibility among children. Examining the
family education mechanism, the NIP has also raised family
educational expectations and altered consumption patterns to allow
families to  allocate more resources to  children’s
educational investments.

The innovative aspects of this article are reflected in the following
key marginal contributions: Firstly, the study broadens the research
horizon on the impact of nutritional improvement on educational
outcomes, particularly in the context of rural China. Existing studies
have predominantly focused on the effects of the Nutritional
Improvement Program (NIP) on the cognitive abilities of children
aged 10 to 16, often neglecting the younger age group (25).
Additionally, studies have typically concentrated on the effects of NIP
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within a specific year, failing to account for the NIP’s continuity and
long-term impact, which has led to inconsistent research findings
(26). Secondly, we provide a nuanced analysis of the NIP’s target
demographics, encompassing children of different ages and family
backgrounds, to determine whether the NIP improved vulnerable
rural childrens educational outcomes and fulfilled the policy’s
intended goals. We analyze various aspects of the NIP at different
levels, assessing the anticipated effectiveness of funding, broadening
policy understanding of China’s NIP, and systematically examining its
significance. The comprehensive policy assessment also offers valuable
insights for developing similar initiatives in other developing
countries. Lastly, the study reveals the mechanisms by which the NIP
affects educational performance, providing a clear path for future
enhancements to the program and offering insights into effective
policies that could help bridge the education divide between urban
and rural areas and foster greater educational equity.

The remainder of this paper is structured as follows. Section 2
introduces the policy background of China’s NIP, Section 3 presents
the data and methodology of our empirical analysis, Section 4 details
the results and heterogeneity analysis, Section 5 discusses the
mechanism analysis, and finally, Section 6 concludes.

2 Policy background

The nutritional challenges in developing countries are severe. The
United Nations’ 2030 Agenda for Sustainable Development includes
the global goal of eliminating all forms of malnutrition by 2030. In
2022, 34.7% of children faced various forms of malnutrition, with the
rates of stunting and wasting in rural areas being 1.6 times and 1.4
times higher than in urban areas globally (27). To accelerate the
development of rural education and promote educational equity, in
November 2011, China launched the NIP for rural students in
compulsory education, providing free nutritious lunches. Before 2011,
while various local and charity-driven efforts aimed to address
malnutrition among rural students, this was the first nationwide
policy to directly tackle the issue on such a large scale. Initially, central
finance provided nutritional meal subsidies for rural students in 699
poverty-stricken counties, and by the end of 2022, the number of
national plan counties reached 726. In addition to specifying meal
standards, the policy also allocated funds to improve dining
conditions, build and renovate school canteens, and vigorously
promote school canteen meal services. Since NIP’s implementation,
the nutritional status of rural children in China has improved
considerably. The program has seen a gradual increase in the dietary
standards for free nutritious lunches, from 3 yuan per student per day
in 2011 to 5 yuan per student per day in 2021. By the end of 2021, the
central government had allocated a total of 196.734 billion yuan for
student nutrition and dietary subsidies. According to the Report on
Nutrition and Chronic Disease Status of Chinese Residents 2015, the
malnutrition rate among rural children and adolescents aged 6-17 was
4.7% in 2012 and dropped to 2.2% in 2015 (28).

In terms of implementation bodies, in addition to the national
NIP, various provinces and cities have also implemented targeted NIPs
based on local conditions. National and provincial local NIPs differ in
methods,
supervision. In terms of implementation intensity, the subsidy

implementation standards, funding sources, and

standards for China’s NIP have varied at different times. The meal
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standards for the free nutritious lunch have been gradually expanding.
In 2015, the subsidy standard for the NIP was raised from 3 yuan per
student per day to 4 yuan. The Chinese government has invested
substantial resources, including human, material, and financial capital,
to advance the NIP. Consequently, a detailed and accurate assessment
is needed to determine how the NIP has impacted the educational
outcomes of rural children and whether it has achieved the initial
intent of the policy. NIP is rich and diverse in China, providing
conditions for a detailed assessment of the policy’s effects.

3 Data and research design

3.1 Data

We use data from the CFPS, a far-reaching social tracking survey
that captures data across individual, family, and community levels and
offers a comprehensive view of the evolution of China’s society,
economy, population dynamics, educational landscape, and health
trends. The CFPS is a large-scale, nationwide survey that includes a
representative sample of the population from 25 provinces,
municipalities, and autonomous regions. Conducted biennially from
2010 to 2020, the survey encompasses newly added families and
follow-up visits with previous participants, with all baseline family
members from 2010 marked for ongoing observation. The child
questionnaire within the CFPS examines childrens attributes,
academic achievements, dietary habits, cognitive skills, and
non-cognitive abilities, which are highly relevant to the scope of
our study.

We examine the impact of free school meals on the educational
outcomes of rural children. The samples are restricted to children aged
6 to 15 with rural household registration, enrolled in primary or
junior high school, and exclude samples that did not identify the
county, age, or household registration. Given the heterogeneous
implementation standards and varying degrees of enforcement and
feedback in local pilot areas, our baseline regression analysis only
considers national pilot areas.

3.2 ldentification strategy

Due to variations in policy implementation timing and regional
disparities, this study employs the DID approach to evaluate the
impact of the NIP on rural children’s educational outcomes. The
baseline regression estimates are shown in Equation (1):

Yiet =+ Ptreat. x post; + X'y + 6, + 1, + 7 + €y (1)

where subscripts i,c, and ¢ represent individuals, districts, and
years, respectively. y;.; captures rural children’s educational outcomes,
serving as our dependent variable. treat is a dummy variable
indicating whether a district is a pilot area. If it is a pilot area, it is
assigned a value of 1, otherwise 0. post denotes policy implementation
time; when the time is after the policy was implemented, it is assigned
a value of 1, otherwise 0. treat, x post; is a binary variable indicating
whether county ¢ in year ¢ was affected by the policy, which is coded
as 1 if affected and 0 otherwise. The coeflicient S is the value of

primary interest in this study, which allows us to approximate the

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1542861
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Ma et al.

Average Treatment Effect (ATE) of the NIP on grades of students. X'
denotes a series of control variables. To control for individual
characteristics, district/county characteristics, and time characteristics
that do not change over time, we introduce individual fixed effects (7;
), county fixed effects (6,), and time fixed effects (z;) into the
estimation. The reason for adding district/county fixed effects is that
population mobility occurred during the survey period, and some
children have migrated, with inconsistencies between the samples’
household registration and place of residence; therefore, individuals
and districts/counties do not completely correspond. ;. is the error
term. The standard error of this model is clustered at the county level.
The NIP was initiated in autumn 2011 and spring 2012 in our data,
we determine the timing of the policy implementation by combining
the year and month of the survey in different counties.

3.3 Variable descriptions and descriptive
statistics

The central focus of this study is children’s educational outcomes,
which we measure by language and math grades. The data are obtained
from the CFPS parent survey question, “To your knowledge, how is
the child’s academic performance?” with responses categorized as
excellent, good, average, or poor, which we translate into numerical
values ranging from 4 to 1, respectively. We also standardize the
grades for language and mathematics, with higher scores reflecting
better academic performance. Beyond these metrics, other variables
of interest include the pass rates for Chinese and mathematics and
high school enrollment rates.

The model incorporates control variables across dimensions of
individual child characteristics, parental attributes, and district-level
features. Individual child characteristics encompass the child’s sex and

TABLE 1 Descriptive statistics.

10.3389/fpubh.2025.1542861

age, while parental attributes include the ages and educational
attainment of both parents. At the district level, we control for
variables of per capita GDP, which is in the logarithmic form, the share
of the primary sector in the economy, the secondary sector’s
proportion, the student-teacher ratio in primary schools, and the
proportion of local educational spending relative to total
fiscal expenditure.

Table 1 presents the descriptive statistics of our dataset, which
includes 106 counties, 21 of which are national pilot areas and 85
nonpilot areas after excluding local pilot areas. The dataset contains
1,587 child samples and 7,044 observations, with 2,045 observations
from pilot areas and 4,999 from nonpilot areas.

4 Empirical results and heterogeneity
analysis

4.1 Baseline regression results

This study conducts analyses based on three samples: Firstly, the
baseline regression is shown in columns (1) and (2) of Table 2.
Secondly, although regional control variables are included in the
model, considering the significant differences in economic
development levels and educational resources across cities, samples
from districts and counties in large cities such as Beijing and Shanghai
are excluded. The regression results are shown in columns (3) and (4)
of Table 2. Finally, considering the existing inconsistencies between
household registration and birthplace among the floating population,
we exclude floating population samples and rerun the estimation, as
shown in columns (5) and (6) of Table 2. From the benchmark
regression, the NIP has improved rural children’s language grades by
0.223 standard deviations and math grades by 0.172 standard

Variables Observations Mean Standard deviation Min Max
Language grades 7,044 0 1 -1.771 1.314
Math grades 7,044 0 1 —-1.639 1.272
NIP 7,044 0.172 0.378 0.000 1.000
Gender 7,044 0.531 0.499 0.000 1.000
Age 7,044 11.178 2.474 6.000 15.000
Father’s highest years of

7,044 7.721 2.809 0.000 16.000
education
Mother’s highest years of

7,044 6.652 2.82 0.000 16.000
education
Father’s age 7,044 39.755 5.641 25.000 65.000
Mother’s age 7,044 37.874 5512 22.000 74.000
Per capita GDP 7,044 10.660 0.566 8.736 12.480
Primary industry share 7,044 0.065 0.051 0.001 0.234
Secondary industry share 7,044 0.466 0.114 0.095 0.854
Primary school teacher—

7,044 0.18.212 0.03.741 0.072 0.293
student ratio
Education expenditure

7,044 0.173 0.052 0.017 1.667
share
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TABLE 2 Analysis of the impact of the NIP on children’s educational outcomes.

Variable Benchmark regression Drop provincial capitals and Drop the floating population
direct-controlled municipalities
(1) (2) (3) (4) (5) (6)
Language Math Language Math Language Math
0.223%** 0.172% 0.221%%* 0.186* 0.199%** 0.183%*
Policy effect
(0.084) (0.096) (0.073) (0.100) (0.072) (0.081)
Control variables Yes Yes Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Observations 7,044 7,044 6,848 6,848 6,733 6,733
R-squared 0.561 0.594 0.563 0.596 0.568 0.601

#k %k and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

deviations. The results are also significant after excluding the samples
of provincial capitals and municipalities directly under the central
government and floating population samples. This indicates that the
NIP improves rural children’s education outcomes and has a positive
impact on rural children’s accumulation of human capital. This
narrows the gap in human capital between urban and rural areas and
promotes educational equality.

4.2 Parallel trend test: event study

The benchmark regression reveals that the NIP has had a
positive impact on rural children’s education outcomes. We further
estimate the dynamic effect of the educational outcomes over time
using the event study method (29), constructing interaction terms
between the experimental group binary variable and each year,
which can also test the validity of the benchmark regression. The
regression estimates are shown in Equation (2):

2020
Vit =0+ Z[ZZOIO(/),treatc xyear; + X'y + 0, + 1y + i+ &ir (2)

Where year is the dummy variable for the corresponding year,
which is assigned a value of 1 in year; and otherwise 0. Since the CFPS
collects data every 2 years, we take 2012 as the reference point to
monitor annual fluctuations in coefficients before and after the policy’s
rollout. Figure 1 illustrates the mean differences in language and math
grades among children in national pilot regions, comparing these to
other counties during the baseline period before and after NIP
implementation. Initially, the grades in pilot areas were marginally
lower than those in non-pilot areas, although insignificant. However,
following the introduction of the NIP, the disparity between pilot and
nonpilot areas began to narrow, with coeflicient values moving from
negative to positive territory. For example, before the policy, language
grades in pilot areas lagged behind nonpilot areas by 0.32, but this gap
narrowed over time. By 2020, language grades in pilot counties had
risen by 0.028 relative to non-pilot counties. The trend for mathematics
scores also exhibited a generally upward trajectory. The dynamic
effects suggest that the coefficients exhibit an increasing trend post
policy implementation, indicating a strengthening of the policy’s
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impact over time and highlighting the long-term benefits of the
NIP. The event study approach further validates that our study adheres
to the parallel trend assumption, confirming that the baseline
regression provides reliable estimates.

4.3 Robustness test: placebo test

A key presupposition of the DID methodology is the parallel
trend assumption, which posits that the outcomes for treatment and
control groups would follow similar trajectories without treatment.
However, once the treatment is applied, disentangling the treatment’s
impact from broader temporal trends becomes challenging, rendering
the parallel trend assumption inherently unverifiable. To address this
concern, we conducted placebo tests to explore the presence of any
overlooked confounding events that could skew our results. Our
analysis employs an individual placebo test, maintaining the treatment
timing and the structure of county groupings while randomly
reassigning individuals to different counties. We then conduct
two-way fixed effects modeling and repeat this 500 times to generate
a kernel density plot and histogram of the placebo effects. The
visualizations in Figure 2 reveal that the majority of data points cluster
around zero on the horizontal axis. The estimated treatment effect
(denoted by a vertical solid line in the graph) is situated in the right
tail of the placebo effect distribution, suggesting that it is an outlier.
This positioning supports the robustness of our DID model results,
indicating that our findings are not likely due to chance fluctuations
but to the actual impact of the intervention.

4.4 Intensity effect

The subsidy standards for the NIP are dynamically adjusted.
Within our observation period, a notable change occurred in 2015
when China’s central fiscal policy raised the subsidy standard for
the national NIP pilot areas from an average of 3 yuan to 4 yuan
per student school meal. To assess the efficiency of the use of
fiscal funds, we formulated the following to evaluate the policy’s
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Dynamic effect analysis. The horizontal axis represents the year, the left graph’s vertical axis represents the estimated coefficient of the language grade,
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intensity effect we formulated Equation (3) to evaluate the policy’s
intensity effects:

Yiet =+ Prreat. x post, xsubsidy; + X'y + 6, + 17, + 7w + gy (3)

where subsidy refers to the fiscal subsidy standard in year t.
We introduce an interaction term between the subsidy amount, which
serves as a measure of policy intensity, and pilot areas to reflect the
impact of each one yuan increase in the standard of free school meals
on children’s educational outcomes. As shown in Table 3, this increase
corresponds with a 0.062 improvement in the standard deviation of
rural children’s language grades and a 0.058 standard deviation
improvement in math grades. The enhancement of the school meal
standard exhibits an upward trend in its beneficial effect on children’s
educational achievements.

4.5 Long-term effects

This baseline analysis is based on parental reports concerning the
selection of educational performance variables. Although the survey
questionnaire asked parents to select their childrens academic
performance in the previous semester, it may be difficult to avoid
subjectivity and potential bias. We have also modified the indicators to
consider the long-term effects of NIP on educational outcomes.
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We adopt two methods. First, from the marginal perspective, we consider
the impact of the NIP on children with relatively weak academic
performance. We divide childrens grades into “excellent, good, average”
as passing, assigning a value of 1, while “poor” is considered as failing
and assigned a value of 0. The regression results are presented in Table 4.
Columns (1) and (2) show that the NIP significantly increased the
passing rates of rural children’s language and math grades by 5%, with
the language passing rate increasing by 5.7% and the math passing rate
increasing by 6.8%. This indicates that the NIP has a promotional effect
on children with relatively poor academic performance and increases the
possibility of receiving further education.

Second, we replace language and math grades with the high
school enrollment rate to examine the long-term effect of the NIP on
children’s educational outcomes. We selected individuals who were
16-18 years of age during the survey period. If their highest education
level was high school or above, including those studying in high
school, they were assigned a value of 1, and otherwise 0.

To assess the long-term impact of the NIP on individual high school
admissions, this study considers two methods. First, we constructed a
variable based on whether a student was affected by the NIP. For the second
method, we construct a variable based on the number of years a student
benefited from the NIP and change the NIP measurement method. The
results are presented in Table 4, columns (3) and (4). Column (3)
demonstrates that the NIP increased the high school enrollment rate of
children in pilot areas by 8.2%. Column (4) is significant at the 1% level,
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TABLE 3 Intensity effect of the NIP.

10.3389/fpubh.2025.1542861

Variable Benchmark regression Exclude provincial capitals and Exclude the
direct-controlled municipalities floating population
(1) (2) (3) (4) (5) (6)
Language Math Language Math Language Math
0.0627%* 0.058* 0.060%* 0.063* 0.056%* 0.070%**
Intensity effect
(0.026) (0.031) (0.026) (0.032) (0.024) (0.026)
Control variables Yes Yes Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Observations 7,044 7,044 6,848 6,848 6,733 6,733
R-squared 0.560 0.594 0.563 0.596 0.567 0.600

#k %k and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

TABLE 4 Long-term effect analysis of the NIP.

Variable Pass rate High school enrollment rate
()] (3) (4)
Lanquage High school High school
guag enrollment enrollment
0.057%%* 0.068%*
Policy effect
(0.028) (0.031)
0.0827%%*
Policy effect 1
(0.027)
0.031%*#*
Policy effect 2
(0.007)
Control variables Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes
Observations 7,044 7,044 4,053 4,053
R-squared 0.496 0.509 0.341 0.343

w5k and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

indicating that for each additional year of benefiting from the NIP during
the compulsory education stage, students’ high school enrollment rate
increases by about 3.1%. This study evaluates the NIP from the perspective
of long-term effects, revealing the long-term positive impacts of the NIP on
improving rural educational outcomes.

This section examines the baseline effect of the NIP on educational
outcomes, while also considering the NIP’s dynamic effects, long-term
effects, and intensity effects. These analyses confirm the significant
improvement in educational outcomes in pilot areas due to the NIP, thereby
demonstrating the reliability of the conclusions drawn in this paper.

4.6 Heterogeneity analysis

4.6.1 Heterogeneity analysis based on family
background

This study next conducts a heterogeneity analysis, examining how
the NIP affects children from different family backgrounds.

Frontiers in Public Health 07

We analyze whether the NIP has improved the educational outcomes
of children from relatively disadvantaged families. We measure the
educational background of the family by the highest level of education
of both parents, which we divide into high and low categories based
on the boundary of compulsory education. We also categorize families
based on income status, considering those with annual net income in
the bottom 30% as low-income families and the rest as middle-to-
high-income families, referencing the criteria of Gustafsson and Sai
(30). This classification enables us to assess the impact of the NIP on
families with varying income levels.

The results are presented in Table 5. The estimation results
demonstrate that the NIP has no significant effect on children from
with  high
backgrounds, but the NIP promotes the children’s accumulation of

families educational or middle-to-high-income
human capital from low-income and low-educational families, with a
greater effect on improving the next generation’s human capital in
relatively poor families. Poverty alleviation must start with education,

and the NIP is conducive to preventing the intergenerational
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TABLE 5 Policy effect evaluation for families with different backgrounds.

Variable High

Language

10.3389/fpubh.2025.1542861

Language

policy effect for families with different educational backgrounds

—0.020 0.110 0.2497%%* 0.175*
Policy effect

(0.226) (0.233) (0.089) (0.098)
Observations 896 896 6,148 6,148
R-squared 0.615 0.622 0.561 0.595
policy effect for families with different income backgrounds

0.204 0.135 0.199 0.317%*
Policy effect

(0.136) (0.137) (0.144) (0.128)
Observations 4,492 4,492 2,138 2,131
R-squared 0.637 0.666 0.749 0.757
Control variables Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes

w0k and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

TABLE 6 Policy effect evaluation for different genders.

Variable
(1) (3)
Language Language

0.234%* 0.075 0.226%* 0.293%*%*
Policy effect

(0.108) (0.122) (0.113) (0.111)
Control variables Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes
Observations 3,743 3,743 3,301 3,301
R-squared 0.559 0.613 0.553 0.584

#ik % and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

transmission of poverty and promoting low-income families
upward mobility.

4.6.2 Heterogeneity analysis based on individual
gender

In rural China, particularly in impoverished regions, the
traditional preference for sons over daughters remains prevalent, often
leading to the neglect of girls’ nutritional well-being. To address this,
we further examined the differential responses and outcomes of boys
and girls to NIP. The results are presented in Table 6. Columns (1) and
(2) show that the NIP has a statistically significant positive impact on
language grades for boys. Columns (3) and (4) show that the NIP has
a significant positive impact on both language and math grades for
girls, who are a relatively vulnerable group. The result revealed that
such programs had a more pronounced impact on the educational
achievements of girls. By compensating for the lack of nutritional
investment in girls within their families, these initiatives help unlock

Frontiers in Public Health

their academic potential, thereby contributing to the reduction of
gender inequality in rural areas during adolescence.

4.6.3 Heterogeneity analysis based on different
individual ages

We examine the impact of the NIP on children of different ages
(Table 7). Children aged 6-15 are in a critical period of physical
development, and those in different age stages require different
amounts of fat, protein, carbohydrates, and main trace elements (31).
Therefore, we divide the children into three age stages encompassing
6-9 years old, 9-12 years old, and 13-15 years old to assess the effect
of the NIP. Table 7 reveals that the NIP is significant for the language
and math grades of younger children, and from the size of the
coefficients, the grade improvement is the largest, with the best policy
effect. While language grades are significant for children aged 10-12,
the impact on children participating in the NIP aged 13-15 is
insignificant. This indicates that earlier policy intervention has better
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TABLE 7 Policy effect evaluation for different age groups.

Variable Ages 6-9 Ages 10-12 Ages 13-15
()] (3) (4) (5) (6)
Language Language Language

0.250%* 0.234%%* 0.219%* 0.097 0.051 —0.063
Policy effect

(0.098) (0.106) (0.095) (0.104) (0.262) (0.226)
Control variables Yes Yes Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Observations 4,281 4,281 5,808 5,808 3,292 3,292
R-squared 0.530 0.556 0.615 0.652 0.774 0.806

#ik % and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

TABLE 8 Policy effect evaluation for boarding and non-boarding students.

Variable Boarding students Non-boarding students
(1) (3) (4)
Language Language Math
0.582°%%* 0.391%* 0.177 0.010
Policy effect
(0.205) (0.225) (0.346) (0.316)
Control variables Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes
Observations 1,843 1,843 1,888 1,888
R-squared 0.747 0.780 0.853 0.845

sk ok and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

effects, and the implementation effect is better for younger than older
children. Early policy intervention can effectively improve the
efficiency of fiscal fund use and achieve expected positive results.

4.6.4 Heterogeneity analysis based on boarding
circumstances

Low-age boarding is a major issue faced by rural compulsory
education and is also a difficulty and challenge faced by national
compulsory education in China. By the end of 2017, 9.346 million
boarding students attended rural primary schools, accounting for
14.1% of the total number of rural primary school students (32).
This study examines children who indicate boarding or
non-boarding status to explore the impacts of the NIP on the
educational outcomes of children with different boarding situations.
The results are presented in Table 8, revealing that the NIP
significantly improves boarding students’ language grades, with a
superior impact on the educational outcomes of boarding students
than non-boarding students. In summary, our heterogeneity analysis
at the individual and family levels demonstrates that NIP
implementation has significantly improved the educational
outcomes for children from poor families and vulnerable groups.
The policy effect is enjoyed by the people who need help, avoiding
the “elite capture” phenomenon of the policy (33).
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4.6.5 Regional pilot area heterogeneity analysis

The implementation of the NIP varies at different levels. In
addition to national pilot areas, provinces also have local pilot areas.
This study obtains a list and implementation time of each local pilot
area based on announcements related to the NIP published by each
province’s education department, assessing the policy effect of the
local NIP by changing the policy implementation area. We consider
the short- and long-term effects of the NIP in local pilot areas. As
shown in Table 9, the regression results are statistically insignificant.
In evaluating the policy effects in local pilot areas, we find that the NIP
has no significant impact on students’ educational outcomes. However,
the effectiveness of policy implementation in these areas is significantly
constrained by local fiscal capacity. To account for potential selection
bias, this paper categorizes the samples into high-fiscal-surplus areas
and low-fiscal-surplus areas based on the difference between local
fiscal revenue and expenditure. The results also show that regardless
of the level of local fiscal capacity, the policy effect in local pilot areas
remains statistically insignificant.

The potential reasons for this outcome may be complex. First, the
National NIP has established uniform standards in pilot areas, with
dedicated central government funds allocated for the construction of
school canteens. These areas generally adopt the canteen meal service
model, which has proven to be more effective in policy
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TABLE 9 Policy effect evaluation for local NIP pilot area analysis.

Variable Local pilot program Local pilot program
(1) (2) (3) (4)
High school High school
Language Math 9 9
enrollment enrollment
0.043 —0.011
Policy effect
(0.065) (0.063)
0.002
Policy effect 1
(0.035)

0.008
Policy effect 2

(0.008)
Control variables Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes
Observations 6,392 6,393 3,690 3,690
R-squared 0.573 0.599 0.373 0.373

implementation. In contrast, local pilot areas, which rely primarily on
funding from local governments, face more limited support. Standards
vary across these local pilot areas, and in some regions, the subsidy
standards for the NIP fall below the national level. The free nutritious
lunch program more often adopts the enterprise meal service model,
which has lower nutritional value, to save on the costs required for the
construction and operation of canteens. Second, local pilot areas
target less impoverished counties, which, compared with national
pilot areas, have relatively better economic conditions and educational
resources, and families are less sensitive to food consumption
expenditure. Therefore, the NIP has limited improvement on children’s
educational outcomes. Third, the effectiveness of local pilot programs
is often undermined by the financial constraints of local governments
and the priorities of local officials. These officials tend to allocate
resources toward projects that deliver quick, visible results, such as
infrastructure or economic development, rather than long-term
initiatives like NIP. As a result, funding for these programs is
frequently scaled back, diluting their impact and leaving rural students
with fewer resources than intended. This misalignment of incentives
highlights a systemic challenge in ensuring that critical social policies
achieve their full potential (17).

5 Discussion

The NIP has effectively improved children’s educational outcomes;
however, further clarification is needed concerning the mechanisms of
action. This study next discusses three potential mechanisms of the
NIP. First, the nutritional health mechanism analysis, second, the ability
perspective mechanism, and third, the family education mechanism.

5.1 Nutritional health mechanism

In some rural areas, families often hold entrenched economic
beliefs and lack sufficient awareness of the importance of proper
nutrition. Government-led NIP, however, provided a critical external
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impetus for shifting these perceptions and delivering effective
nutritional support. By addressing dietary gaps and promoting
healthier eating habits, these initiatives create the necessary conditions
for improving academic performance, ultimately helping students
reach their full potential. From a nutritional health perspective, this
study initially examines the impact of the NIP on rural children’s
nutritional intake. The CFPS data from 2010 to 2014 collected
information on the food consumed by respondents over the past week,
which can proxy for children’s nutritional intake. This study constructs
six binary variables for the types of food consumed by the respondents
last week, encompassing meat, fish, milk, eggs, soy products, and fruit
and vegetables. The results are presented in Table 10, revealing that the
NIP significantly improved children’s intake of fish, milk, eggs, soy
products, and fruit and vegetables, with 13.3, 5.3, 5.6, 10.1, and 13.3%
increases, respectively. The intake of these nutritious foods provides
children with the high-quality protein, vitamins, minerals, and dietary
fiber needed for growth, enhancing their health and ensuring the
nutrition required for children’s educational achievement.

5.2 Ability mechanism

We examine the impact of NIP on childrens cognitive and
noncognitive capabilities from the ability perspective. Educational
outcomes reflect children’s comprehensive capabilities, and
improvements in educational outcomes are inseparable from the
enhancement of childrens cognitive and noncognitive abilities.
We measure cognitive abilities by referencing memory and number
series test scores. While the CFPS questionnaire from 2010 to 2020
includes memory and number series test scores, different
questionnaires are used in adjacent years. To facilitate comparison,
we standardize memory and number series test scores from each year,
with higher values indicating stronger cognitive abilities. Noncognitive
abilities are considered to have long-term plasticity and significantly
impact children’s educational outcomes. Therefore, we measure
noncognitive abilities referencing the children’s effort, self-discipline,
and concentration. The parental questionnaire asks for opinions on
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TABLE 10 Mechanism analysis from a nutritional health perspective.

10.3389/fpubh.2025.1542861

Variable (5) (6)
Fruit and
Soy Products
Vegetables

—0.038 0.133%#* 0.053* 0.056* 0.101 %% 0.133%#*
Policy effect

(0.041) (0.034) (0.028) (0.030) (0.029) (0.050)
Control variables Yes Yes Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes Yes
Observations 4,986 4,986 4,986 4,986 4,986 4,986
R-squared 0.620 0.524 0.489 0.571 0.526 0.574

##k % and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

TABLE 11 Mechanism analysis from the ability perspective.

Variable Cognitive ability Noncognitive ability
(1) (2) (3) (4) (5)
Memory Number series Deegflf'(e)ftof Self-discipline Concentration
0.233 %% —0.022 0.177%%* 0.171%* 0.096*
Policy effect
(0.080) (0.079) (0.063) (0.083) (0.052)
Control variables Yes Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes
Individual fixed effects Yes Yes Yes Yes Yes
Observations 4,759 4,597 6,044 6,045 6,045
R-squared 0.198 0.259 0.503 0.397 0.444

w0k and * represent significance at 1, 5, and 10% levels, respectively, and robust standard errors are in parentheses.

the following statements. “This child studies very hard,” “This child
checks their homework several times after completing it to see if it is
correct;” and “This child pays attention when doing things” We code
the responses from 1 to 5, with higher values indicating greater effort
or better concentration. The results in Table 11, columns (1) and (2),
demonstrate that the NIP significantly improved rural children’s
memory test scores but had no significant impact on number series
test scores. The NIP significantly improved children’s effort,
concentration, and persistence. The results suggest that the NIP has
partially improved rural children’s cognitive and noncognitive
capabilities, enhancing childrens educational performance.

5.3 Family expectations mechanism

Individuals from lower socioeconomic backgrounds often tend to
underestimate the returns on education and the likelihood of
obtaining higher education, mistakenly lowering their educational
aspirations. However, NIP can help shift these low expectations
regarding access to higher education. According to the self-motivation
model, personal expectations directly influence academic performance
(34). NIP has been shown to significantly boost parents’ expectations
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for their children’s education. By enhancing students’ expectations for
educational achievement and encouraging them to pursue higher
levels of education, NIP contributes to the accumulation of human
capital, fostering long-term social and economic benefits. Considering
the family education mechanism, we focus on parents’ expectations
for their childrens grades in the next semester, parents’ expectations
for their childrens future education, and whether children attend
tutoring classes. The regression results are presented in Table 12,
revealing that the NIP increased parents’ educational expectations.
After NIP implementation, parents’ expectations for their children’s
grades increased by 2.371, and their expectations for the children’s
education levels rose by 0.370. Second, the NIP altered family
consumption practices, and the probability of children participating
in educational training increased by 0.170. This indicates that the NIP
led families to adjust their consumption structure and increase family
investment in children’s education, with a “crowding in” effect on
children’s education.

We further incorporate a mediation effect model that
introduces family expectations and cognitive ability as explanatory
variables into the baseline regression model to explore how
changes in family expectations and cognitive ability jointly
influence educational outcomes. The regression results are shown
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TABLE 12 Mechanism analysis from the family expectations perspective.

10.3389/fpubh.2025.1542861

Variable (1) (2) (3)
Expected academic : . o
P Expected education level Educational training
performance
2.371%%% 0.370%%* 0.170*
Policy effect
(0.850) (0.112) (0.101)
Control variables Yes Yes Yes
District fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
Individual fixed effects Yes Yes Yes
Observations 7,014 5,408 3,849
R-squared 0.085 0.191 0.728

w0k and * represent significance at 1% and 10% levels, respectively, and robust standard errors are in parentheses.

TABLE 13 Mechanism analysis from the perspective of the joint effect.

Variable (1) (2)
Expected academic performance Expected education level
Memory cognitive ability 0.139%33 0.252%%*
(0.018) (0.022)
Number series cognitive ability 0.121%%** 0.050%*
(0.019) (0.021)
Expected education level 0.121%%* 0.162%**
(0.019) (0.021)
Policy effect 0.172 0.076
(0.132) (0.123)
Control variables Yes Yes
District fixed effects Yes Yes
Year fixed effects Yes Yes
Individual fixed effects Yes Yes
Observations 3,432 3,432
R-squared 0.208 0.231

##¥represents significance at 1% level, and robust standard errors are in parentheses.

in Table 13. As shown in the table, the coefficients for memory
cognitive ability, number series cognitive ability, and parents’
expectations for their children’s education level are all positive and
statistically significant at the 1% level. However, the significance
of the political effect disappears. This implies that the inclusion of
family expectations and cognitive ability explains the pathway
through which the NIP affects educational outcomes. The NIP
affects educational outcomes by raising family expectations and
improving cognitive ability.

In terms of the magnitude of the coefficients, memory cognitive
ability, number series cognitive ability, and parents” expectations for
their children’s education level have similar effects on language grades.
However, in the case of math grades, number series cognitive ability
has the strongest effect, followed by parental expectations of their
children’s education level. This suggests that the impact of cognitive
ability and parental expectations on educational outcomes varies
between subjects.
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6 Conclusion

This study employs the DID method to measure the impact of free
school meals on rural children’s educational outcomes based on a
quasi-natural experiment of NIP implementation. The estimation
reveals that: (1) The NIP improved rural children’s math and language
grades, with math grades increasing by 0.223 standard deviations and
language scores increasing by 0.172 standard deviations. The NIP also
increased the pass rates for language and math by 5.7 and 6.8%,
respectively, and raised the high school enrolment rate by 8.2%.
We also measure the effectiveness of NIP policy funds, revealing that
a one yuan increase in the per capita standard of free school meals
increased rural children’s math grades by 0.062 standard deviations,
and language grades by 0.058 standard deviations. Dynamic effect
analysis indicates that longer NIP implementation has greater
improvement effects on rural children’s educational outcomes. (2) This
study also conducts a series of heterogeneity analyses. The analysis of
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national and local pilots demonstrates that national pilot areas
improved educational outcomes more significantly than local pilot
areas. The analysis of different family backgrounds indicates that the
NIP effectively improved the educational outcomes of children from
relatively disadvantaged families. The individual-level analysis reveals
that the NIP improved educational outcomes for girls more than boys,
and it had a superior effect on younger children than older children.
(3) Further mechanism analysis demonstrates that the NIP improved
children’s educational outcomes by improving children’s nutritional
health, enhancing their cognitive and noncognitive abilities, and
increasing family educational expectations and educational practices.

Our findings offer insights with profound policy implications:
Firstly, the NIP has shown notable success in boosting educational
outcomes for vulnerable groups, such as young children, those in
boarding schools, and children from impoverished families. This
indicates that the NIP can enhance social mobility by improving
children’s nutrition, thus accumulating human capital and
increasing the likelihood of upward social mobility for the next
generation. Consequently, we recommend expanding the coverage
of NIP to ensure that all children in rural compulsory education
can benefit from these initiatives. Secondly, we advocate for the
implementation of age-based differentiated subsidy policies,
providing targeted financial support according to the nutritional
needs of children of different age groups, and devising
corresponding differentiated subsidy plans. We also recommend
broadening the age range of nutritional subsidies to include early
childhood, recognizing that early interventions in human capital
development offer high returns on relatively small investments, a
principle particularly relevant in the early years. Lastly,
we emphasize the importance of strengthening oversight to
enhance the efficiency of fund usage and ensure that the funds
directly benefit children. While the national NIP is relatively well-
regulated, local regulatory efforts are lacking, which may be one
of the reasons for the suboptimal performance of the local
NIP. We urge the acceleration of strengthening regulatory
mechanisms for NIP to guarantee their efficacy from a
systemic perspective.

7 Limitation

While this paper provides an in-depth examination of the impact of
the NIP on educational outcomes, important issues still deserve attention
in future research. In the future, as the NIP continues and more data
becomes available (such as specific nutritional data and physical
development status), research can be expanded to include the impact of the
NIP on the higher education and long-term labour market performance of
rural children for a more comprehensive assessment.

References

1. Dotsch-Klerk M, Bruins MJ, Detzel P. Modelling health and economic impact of
nutrition interventions: a systematic review. Eur J Clin Nutr. (2023) 77:413-26. doi:
10.1038/s41430-022-01199-y

2. Almond D, Currie J, Duque V. Childhood circumstances and adult outcomes: act
11. ] Econ Lit. (2018) 56:1360-446. doi: 10.1257/jel.20171164

3. Food and Agriculture Organization of the United Nations. State of food and
agriculture 2013: Food systems for better nutrition. Rome: Italy (2013).

Frontiers in Public Health

13

10.3389/fpubh.2025.1542861

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/supplementary material.

Author contributions

ZM: Conceptualization, Data curation, Writing — original draft.
YM: Writing - original draft, Writing - review & editing. WZ:
Writing - original draft, Writing — review & editing. ZF: Writing -
original draft, Writing - review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This paper is supported by
the National Social Science Fund for Young Scholars (19CJL018), the
Fundamental Research Funds for the Central Universities
(2722022BQ043),National Natural Science Foundation of China
(72303216) and Zhengzhou University Public Administration
Discipline Construction Innovation Center project.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

The reviewer SL declared a shared affiliation with the author WZ
to the handling editor at the time of review.

Generative Al statement

The author(s) declare that no Gen Al was used in the creation of
this manuscript.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

4. Garcia JL, Heckman J, Leaf DE. The life-cycle benefits of an
influential early childhood program. J Polit Econ. (2020) 128:2502-41. doi: 10.1086/
705718

5. Grossman M. On the concept of health capital and the demand for health. J Polit
Econ. (1972) 80:223-55. doi: 10.1086/259880

6. Grossman M. The relationship between health and schooling: What's new? NBER
working paper. (2015) 34: 281-292. doi: 10.3386/w21609

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1542861
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1038/s41430-022-01199-y
https://doi.org/10.1257/jel.20171164
https://doi.org/10.1086/705718
https://doi.org/10.1086/705718
https://doi.org/10.1086/259880
https://doi.org/10.3386/w21609

Ma et al.

7. Anderson ML, Justin G, Elizabeth RR. School meal quality and academic
performance. ] Public Econ. (2018) 168:81-93. doi: 10.1016/j.jpubeco.2018.09.013

8. Lundborg P, Rooth DO, Petersen JA. Long-term effects of childhood nutrition:
evidence from a school lunch reform. Rev Econ Stud. (2022) 89:876-908. doi:
10.1093/restud/rdab028

9. Belot M, James J. Healthy school meals and educational outcomes. ] Health Econ.
(2011) 30:489-504. doi: 10.1016/j.jhealeco.2011.02.003

10. Gordanier J, Ozturk O, Williams B, Zhan C. Free lunch for all! The effect of the
community eligibility provision on academic outcomes. Econ Educ Rev. (2020)
77:101999. doi: 10.1016/j.econedurev.2020.101999

11. Bartfeld JS, Berger L, Men F Access to the school breakfast program is associated
with higher attendance and test scores among elementary school students. J Nutr. (2019)
149:336-43. doi: 10.1093/jn/nxy267

12. Chakraborty T, Rajshri J. School feeding and learning achievement: evidence from
Indias midday meal program. ] Dev Econ. (2019) 139:249-65. doi:
10.1016/j.jdeveco.2018.10.011

13. Alderman H, Hoddinott J, Kinsey B. Long term consequences of
early childhood malnutrition. Oxf Econ Pap. (2006) 58:450-74. doi: 10.1093/0ep/
gpl008

14.Fang G, Zhu Y. Long-term impacts of school nutrition: evidence from
China’s school meal reform. World Dev. (2022) 153:105854. doi: 10.1016/j.worlddev.
2022.105854

15. McEwan PJ. The impact of Chile’s school feeding program on education outcomes.
Econ Educ Rev. (2013) 32:122-39. doi: 10.1016/j.econedurev.2012.08.006

16. Yussif MT, Adocta VA, Apprey C. School feeding programs and physical nutrition
outcomes of primary school children in developing countries. ] Food Sci Nut Res. (2022)
5:642-50. doi: 10.1101/2022.04.19.22274039

17.Jin G, Yin Y, Shen KR. The synergy effect of national and local pilots: evidence
from the student nutrition improvement plan. World Econ. (2023) 101:107147-53. doi:
10.1016/j.eiar.2023.107147

18. Sorhaindo A, Feinstein L. What is the relationship between child nutrition and
school outcomes? | Home Econ Institute Australia. (2006) 13:21-3. doi:
10.1017/S0954422421000159

19. Abizari AR, Buxton C, Kwara L, Mensah-Homiah ], Armar-Klemesu M,

Brouwer ID. School feeding contributes to micronutrient adequacy of
Ghanaian schoolchildren. Br ] Nutr. (2014) 112:1019-33. doi: 10.1017/
S0007114514001585

20. Liu XY, Zhao QR, Chen QH. Better nutrition, healthier mind? Experimental
evidence from primary schools in rural northwestern China. J Integr Agric. (2019)
18:1768-79. doi: 10.1016/S2095-3119(19)62587-6

Frontiers in Public Health

14

10.3389/fpubh.2025.1542861

21. Bethmann D, Cho JI. The impacts of free school lunch policies on adolescent BMI
and mental health: evidence from a natural experiment in South Korea. SSM-Popul
Health. (2022) 18:101072. doi: 10.1016/j.ssmph.2022.101072

22. Campbell BL, Campbell RM, Jr N. Does the National School Lunch Program
Improve Children's dietary outcomes? Am ] Agric Econ. (2011) 93:1099-130. doi:
10.1093/ajae/aar031

23. Wang JX, Hernandez MA, Deng GY. Large-scale school meal programs and
student health: evidence from rural China. China Econ Rev. (2023) 79:101974. doi:
10.1016/j.chieco.2023.101974

24.Wang H, Zhao Q, Boswell M, Rozelle S. Can school feeding programs reduce
malnutrition in rural China? J Sch Health. (2019) 90:56-64. doi: 10.1111/josh.
12849

25. Duan X, Liang Y, Peng X. Free school meals and cognitive ability: evidence from
China's student nutrition improvement plan. Health Econ. (2024) 33:1480-502. doi:
10.1002/hec.4824

26. Fan ZY, Gao YG, Liu C. Nutritional intervention, health and education: a study
based on the National Nutrition Improvement Program. Finance Trade Econ. (2020)
41:21-35. doi: 10.19795/j.cnki.cn11-1166/£.20200702.007

27.Food and Agriculture Organization of the United Nations. The State of Food
Security and Nutrition in the World 2023. (2023). Available at: https://openknowledge.
fao.org/server/api/core/bitstreams/1f66b67b-1e45-45d1-b003-86162fd35dab/content
(Accessed July 12, 2023).

28. National Health and family planning commission. China resident nutrition and
chronic disease status report 2015. Beijing China: Beijing People's Medical Publishing
House. (2015),112-114.

29. Jacobson LS, LaLonde RJ, Sullivan DG. Earnings losses of displaced workers. Am
Econ Rev. (1993) 83:685-709. doi: 10.17848/wp92-11

30. Gustafsson B, Sai D. Growing into relative income poverty: urban China 1988 to
2013. Soc Indic Res. (2020) 147:73-94. doi: 10.1007/s11205-019-02155-3

31. Locke A, Schneiderhan J, Zick SM. Diets for health: goals and guidelines. Am Fam
Physician. (2018) 97:721-8. doi: 10.1016/j.jand.2014.06.344

32.Han H, Gao Q. Community-based welfare targeting and political elite capture:
evidence from rural China. World Dev. (2019) 115:145-59. doi: 10.1016/j.worlddev.2018.
11.010

33. Wang ], He Q, Yue C. Unintended consequences of rural residential schooling: an
examination based on employment spillover effects. Educ Econ(2023),39:27-35. doi:
10.3969/j.issn.1003-4870.2023.05.004

34. Barone C, Schizzerotto A, Abbiati G, Argentin G. Information barriers, social
inequality, and plans for higher education: evidence from a field experiment. Eur Sociol
Rev. (2017) 33:jcw050-96. doi: 10.1093/esr/jcw050

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1542861
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1016/j.jpubeco.2018.09.013
https://doi.org/10.1093/restud/rdab028
https://doi.org/10.1016/j.jhealeco.2011.02.003
https://doi.org/10.1016/j.econedurev.2020.101999
https://doi.org/10.1093/jn/nxy267
https://doi.org/10.1016/j.jdeveco.2018.10.011
https://doi.org/10.1093/oep/gpl008
https://doi.org/10.1093/oep/gpl008
https://doi.org/10.1016/j.worlddev.2022.105854
https://doi.org/10.1016/j.worlddev.2022.105854
https://doi.org/10.1016/j.econedurev.2012.08.006
https://doi.org/10.1101/2022.04.19.22274039
https://doi.org/10.1016/j.eiar.2023.107147
https://doi.org/10.1017/S0954422421000159
https://doi.org/10.1017/S0007114514001585
https://doi.org/10.1017/S0007114514001585
https://doi.org/10.1016/S2095-3119(19)62587-6
https://doi.org/10.1016/j.ssmph.2022.101072
https://doi.org/10.1093/ajae/aar031
https://doi.org/10.1016/j.chieco.2023.101974
https://doi.org/10.1111/josh.12849
https://doi.org/10.1111/josh.12849
https://doi.org/10.1002/hec.4824
https://doi.org/10.19795/j.cnki.cn11-1166/f.20200702.007
https://openknowledge.fao.org/server/api/core/bitstreams/1f66b67b-1e45-45d1-b003-86162fd35dab/content
https://openknowledge.fao.org/server/api/core/bitstreams/1f66b67b-1e45-45d1-b003-86162fd35dab/content
https://doi.org/10.17848/wp92-11
https://doi.org/10.1007/s11205-019-02155-3
https://doi.org/10.1016/j.jand.2014.06.344
https://doi.org/10.1016/j.worlddev.2018.11.010
https://doi.org/10.1016/j.worlddev.2018.11.010
https://doi.org/10.3969/j.issn.1003-4870.2023.05.004
https://doi.org/10.1093/esr/jcw050

	Free school meals and educational outcomes: evidence from China’s Nutrition Improvement Program
	1 Introduction
	2 Policy background
	3 Data and research design
	3.1 Data
	3.2 Identification strategy
	3.3 Variable descriptions and descriptive statistics

	4 Empirical results and heterogeneity analysis
	4.1 Baseline regression results
	4.2 Parallel trend test: event study
	4.3 Robustness test: placebo test
	4.4 Intensity effect
	4.5 Long-term effects
	4.6 Heterogeneity analysis
	4.6.1 Heterogeneity analysis based on family background
	4.6.2 Heterogeneity analysis based on individual gender
	4.6.3 Heterogeneity analysis based on different individual ages
	4.6.4 Heterogeneity analysis based on boarding circumstances
	4.6.5 Regional pilot area heterogeneity analysis

	5 Discussion
	5.1 Nutritional health mechanism
	5.2 Ability mechanism
	5.3 Family expectations mechanism

	6 Conclusion
	7 Limitation

	References

