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A B S T R A C T

Health inequalities often originate in early childhood, but millions of children miss the critical intervention 
window of the first 1000 days of life. We investigate whether nutritional investments during the school years can 
help these children recover. To do so, we analyze China’s Nutrition Improvement Program (NIP), the world’s 
third-largest school feeding program. Using nationally representative longitudinal data from 2010 to 2018 and 
difference-in-differences models, we find substantial and cumulative gains in height-for-age and reductions in 
stunting. The program also lowers overweight and obesity, suggesting that school feeding can alleviate under
nutrition without exacerbating overnutrition. Moreover, children with poorer nutritional status and lower so
cioeconomic status experience greater improvements from the NIP; among them, those with better access to 
healthcare services in early life are more likely to recover from stunting. Shifts in dietary patterns and reduced 
morbidity likely drive the program’s effects. Our findings indicate that interventions targeting school-age chil
dren can generate meaningful growth recovery and reduce health disparities that emerge early in life.

1. Introduction

Health and economic disparities often originate in early childhood 
(Case et al., 2002). Nutritional deficits during the first 1000 days of life 
can profoundly impact physical development, human capital formation, 
and economic well-being (Attanasio, 2026). Global progress in reducing 
child undernutrition has slowed in recent years, with more than one in 
five children under five still stunted (UNICEF et al., 2025). An important 
question is whether children who fall behind early in life can recover 
later. Emerging research suggests that the school-age years may offer a 
second window for growth recovery (Adhvaryu et al., 2023; Georgiadis 
and Penny, 2017; Hirvonen, 2013; Prentice et al., 2013), but empirical 
evidence from large-scale nutrition interventions is scarce.

School feeding programs (SFPs) provide a particularly relevant 
setting in which to examine this question. Reaching about 466 million 
children daily, SFPs are the world’s largest child health intervention 
(Alderman et al., 2024). This paper focuses on China’s Nutrition 
Improvement Program (NIP), the world’s third-largest SFP. Introduced 
in late 2011, the NIP provides free, government-subsidized lunches to 
rural primary and secondary school students. By 2020, it reached nearly 
40 million children, roughly a quarter of China’s population in this age 

group (Ministry of Education of China, 2021). Its phased rollout creates 
quasi-experimental variation in program exposure across regions and 
birth cohorts. We exploit this variation within a nationally representa
tive longitudinal dataset to evaluate the program’s impact on child 
health.

While existing research documents the average nutritional benefits 
of SFPs, less is known about whether these gains reduce health dispar
ities. Some studies find greater improvements among children with 
poorer baseline nutritional status (Adhvaryu et al., 2023; Gelli et al., 
2019). Others report larger gains among better-nourished children 
(Singh et al., 2014; Wang et al., 2023). Whether school feeding narrows 
or widens these disparities depends on how children’s existing health 
conditions shape the returns to additional nutritional inputs. This is a 
key question we develop in the conceptual framework.

A growing body of research has examined the effects of the NIP on 
cognitive skills, educational attainment, labor market outcomes, and 
household expenditure (Duan et al., 2024; Fang and Zhu, 2022; Guan 
et al., 2025; Liang et al., 2025; Wang et al., 2024; Wang and Cheng, 
2022; Zhao et al., 2024; Zheng et al., 2023; Zhou et al., 2024), but less 
attention has been paid to nutrition and health outcomes. While recent 
studies suggest that the program reduces anemia and stunting and 
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increases child height (Ren et al., 2023; Wang et al., 2020; Wang et al., 
2019; Wang et al., 2026), evidence on whether it influences health 
disparities remains limited and inconclusive. Specifically, at least two 
studies report larger anthropometric improvements among children 
with relatively better nutritional status (Wang et al., 2023; Zhou et al., 
2021).

Three additional gaps motivate our study. First, despite growing 
concerns about overweight and obesity in low- and middle-income 
countries (LMICs) (Alderman et al., 2024), existing research focuses 
on undernutrition outcomes. SFPs designed to address nutritional defi
cits may also provide excess calories, resulting in potential trade-offs 
that must be considered when assessing their overall nutritional 
impact. Second, while many studies examine the dietary impacts of 
SFPs, less is known about their effects on child morbidity, a plausible but 
understudied pathway through which improved nutrition may 
contribute to physical growth.

Third, how school feeding interacts with other health interventions is 
poorly understood. Children often do not enter these programs with a 
clean slate. In China, for example, many rural children were already 
exposed to the New Cooperative Medical Scheme (NCMS), a nationwide 
health insurance reform introduced roughly a decade before the NIP that 
expanded access to maternal and child healthcare services. Prior health 
investments may shape children’s capacity to benefit from later nutri
tional interventions (Abramovsky et al., 2025; Alderman et al., 2014; 
Attanasio, 2026).

Our study addresses these gaps. Using nationally representative 
longitudinal data from the China Family Panel Studies (CFPS) between 
2010 and 2018, we first examine the NIP’s causal effects on anthropo
metric outcomes. Then, we ask whether these effects are more pro
nounced for children with poorer initial nutritional status and from 
disadvantaged households. Next, we examine whether exposure to the 
NCMS in early life shapes these outcomes. To understand how the pro
gram affects child health, we also analyze its effects on dietary intake 
and morbidity as potential pathways.

We find that exposure to the NIP increases height and reduces 
stunting. These benefits accumulate with continued exposure and are 
concentrated among children with poorer initial nutritional status and 
disadvantaged socioeconomic backgrounds. The NIP also reduces 
overweight and obesity, suggesting that school feeding need not involve 
a trade-off between reducing undernutrition and preventing over
nutrition. Children exposed to the NCMS in early life are more likely to 
recover from stunting after being exposed to the NIP. Improvements in 
diets and reductions in morbidity appear to contribute to these nutri
tional improvements.

Our study contributes to the literature in three ways. First, we pro
vide evidence that school feeding can stimulate growth recovery and 
reduce health inequalities. Second, we demonstrate that the benefits of 
nutritional interventions depend on prior health investments, under
scoring the importance of policy coordination across stages of child 
development. Third, we identify reduced morbidity as a potential 
pathway through which school feeding improves health, complementing 
earlier work that links SFPs to educational attainment and adult labor 
market outcomes (Guan et al., 2025). Fewer illness episodes can increase 
attendance and time on task, thereby translating nutritional inputs into 
human capital.

The remainder of the paper is organized as follows. Section 2 pre
sents the conceptual framework. Section 3 provides institutional back
ground. Section 4 describes the data and variables, and Section 5
outlines the empirical strategy. Section 6 presents the results. Section 7
discusses the implications and limitations of the findings, and concludes.

2. Conceptual framework

SFPs can improve child health through two related channels. First, 
nutrient-dense school meals increase the intake of energy, protein, and 
essential micronutrients that many children in LMICs, including rural 

China during our study period, do not consume in sufficient quantities. 
Improved nutrition supports skeletal and muscle development, allowing 
nutritional investments to accumulate into measurable gains in height 
over time (Millward, 1995). Second, improved nutrition may reduce 
morbidity. Infections and inflammation divert metabolic resources away 
from physical growth and increase nutritional requirements (Prentice 
et al., 2013). By improving dietary quality and micronutrient intake, 
school feeding may strengthen immune function, reducing the fre
quency and severity of illness and allowing more metabolic resources to 
support physical growth.

Although school feeding is expected to improve child health on 
average, the magnitude depends on which constraints are binding. 
Multiple factors influence physical growth, including inadequate dietary 
intake, infections, caregiving environments, early-life conditions, and so 
on (Prendergast and Humphrey, 2014). If inadequate nutrition is the 
primary constraint, school feeding can address this issue by increasing 
nutrient availability. Under these circumstances, children with poorer 
nutritional status may benefit more. By contrast, children in better 
health may already receive adequate nutrition at home, so school meals 
may largely substitute for existing food consumption rather than in
crease total nutrient intake.

Alternatively, poor nutritional status does not necessarily mean that 
inadequate food intake is the sole constraint on growth. Undernourished 
children may also suffer from enteric dysfunction, chronic infection, or 
persistent inflammation, which can impair nutrient absorption and in
crease nutritional requirements (Bourke et al., 2019). For these children, 
school meals alone may be insufficient to overcome the underlying 
constraints on growth. As a result, children who enter school in rela
tively better health may benefit more.

Hence, the health effects of school feeding are context-dependent. 
Examining the heterogeneous treatment effects of the NIP helps to 
assess its potential to reduce health inequalities in China.

Early-life health investments may also influence children’s responses 
to later nutritional interventions. In the Chinese context, the NCMS is a 
key early-life investment. It expanded access to maternal and child 
healthcare before the introduction of the NIP. By improving access to 
preventive and basic healthcare, the NCMS may have prevented or 
mitigated conditions that impair nutrient absorption and physical 
development. Consequently, children exposed to the NCMS early in life 
may have entered school with a greater capacity to convert the nutri
tional inputs provided by the NIP into physical growth.

Our empirical analysis addresses three questions: (a) whether NIP 
exposure improves child health on average, (b) whether disadvantaged 
children experience greater improvements, and (c) whether early-life 
exposure to healthcare services shapes the benefits of the NIP.

3. Institutional background

3.1. School feeding intervention: the Nutrition Improvement Program 
(NIP)

Although child nutritional status in China has improved over time, 
rural children continue to face higher risks of undernutrition and poorer 
physical growth than their urban counterparts. During the 1990s and 
2000s, the urban–rural height gap widened considerably before begin
ning to narrow in the 2010s (Supplementary Fig. A1). Against this 
background, China launched the NIP in late 2011, with large-scale 
implementation beginning in 2012.

The NIP provides free lunches on each school day to students in 
Grades 1–9 in rural primary and junior secondary schools. Meals are 
prepared and served on-site, mainly through school canteens, and are 
designed as full midday meals rather than supplementary snacks.

The program follows a county-based pilot structure. Participating 
counties are classified as either national pilot counties or local pilot 
counties based on funding sources. National pilot counties receive full 
financing from the central government, while local pilot counties are 
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financed by provincial governments with central matching subsidies 
that depend on local fiscal capacity. Notably, pilot status is assigned by 
higher-level governments rather than determined through county 
applications.

Between 2012 and 2020, the NIP expanded rapidly. The number of 
national pilot counties increased from 657 to 727, and the number of 
local pilot counties increased from 288 to 1005 (Fig. 1). By 2020, about 
60% of Chinese counties had adopted the program, serving around 40 
million students. Supplementary Fig. A2 shows the locations of the pilot 
counties. In 2012, the national pilot counties were among the most 
economically disadvantaged areas in China, with per capita GDP and 
rural household incomes far below the national average (Supplementary 
Table A1). Local pilot counties had somewhat better economic condi
tions than national pilot counties but also lagged behind the national 
level. Therefore, unlike the near-universal SFPs in countries such as 
Brazil and India, the NIP is explicitly targeted toward poorer regions 
where undernutrition risks are higher.1

The NIP’s meal subsidy increased over time, rising from Chinese 
Yuan (CNY) 3 per student per school day at the program’s inception to 
CNY 4 in late 2014 and CNY 5 in 2021.2 The 2014 adjustment increased 
the purchasing power of the subsidy. As shown in Supplementary 
Fig. A3, the original subsidy was often insufficient to finance a nutri
tionally balanced lunch in some provinces. However, the higher subsidy 
of CNY 4 can finance such a lunch in all provinces. Meal subsidies can 
only be used to purchase food and condiments. Non-food expenditures, 
including canteen construction, kitchen equipment, and staff salaries, 
are funded separately.

Three institutional features imply that most eligible rural children 
are exposed to the NIP. First, compulsory education is nearly universal 
in China, with primary school enrollment rates exceeding 99%.3 Among 
students in the relevant grades, the eligible and enrolled populations are 
nearly identical. Second, the NIP covers all rural primary and junior 
secondary schools in participating counties, even including private 
schools that are rare in rural areas. Third, once a county enters the 
program, it does not exit. Thus, eligible children in participating 
counties remain exposed to the NIP until they graduate from junior 
secondary school, migrate to an urban area, or move to a county outside 
the program.

3.2. Early-life intervention: the New Cooperative Medical Scheme 
(NCMS)

The NIP entered a policy environment already shaped by earlier 
health reforms, particularly the New Cooperative Medical Scheme 
(NCMS). Launched in 2002, the NCMS expanded health insurance 
coverage among rural residents, who had previously relied on out-of- 
pocket healthcare spending. The NCMS was implemented gradually 
across counties and financed through household contributions and 
government subsidies (Hsiao et al., 2014). In the early years, each 
enrollee paid CNY 10 annually, matched by at least CNY 10 from the 
government. Although contribution levels increased over time, sub
stantial government support remains. By 2011, the NCMS covered over 
97% of the rural population, reimbursing inpatient and, in many areas, 
outpatient services.

The NCMS also expanded access to maternal and child healthcare 
services, including prenatal and postnatal checkups, folic acid supple
mentation during pregnancy, and reimbursement for hospital delivery 

costs (National Health Commission of China, 2018). Between 2003 and 
2011, the hospital delivery rate increased from 74% to nearly universal 
coverage, and maternal and child mortality declined substantially 
(Supplementary Figs. A4 and A5). Some studies document positive ef
fects of the NCMS on healthcare utilization and child health outcomes 
(Babiarz et al., 2010; Huang and Liu, 2023). These improvements may 
have increased children’s capacity to benefit from later nutritional 
interventions.

4. Data and measures

4.1. Data and sample

We use data from the CFPS, a nationally representative longitudinal 
survey conducted since 2010. The CFPS covers more than 600 com
munities (i.e., urban neighborhoods and rural villages) in 25 provinces 
and collects information at the individual-, household-, and community- 
level information through a three-stage stratified random sampling 
design. All household members are interviewed about a wide range of 
topics, including health, education, and socioeconomic conditions. Most 
of the questions refer to information from the previous year.

We use the first six survey waves (2010, 2011, 2012, 2014, 2016, and 
2018). The 2020 and 2022 waves are excluded because the COVID-19 
pandemic disrupted schooling, food supply chains, and healthcare ac
cess, potentially confounding the effects of the NIP.

The analysis focuses on children born between 1996 and 2012. 
Children born before 1996 had already completed junior secondary 
school before the NIP was introduced, whereas those born after 2012 
had not yet reached primary school age (six years old) by 2018. The 
sample is further limited to children enrolled in junior secondary school 
or below and living in rural areas at the time of the interview. Children 
younger than two are excluded because infant health indicators differ 
from those used for older children. Supplementary Table A2 summarizes 
the sample construction process. The final sample contains 13,099 ob
servations from 4961 children. Table 1 reports descriptive statistics for 
all variables.

4.2. NIP exposure

Our primary treatment variable is a binary indicator equal to one if a 
child is exposed to the NIP in a given year. We collect county-level 
implementation dates from official policy documents, government an
nouncements, or education bureau reports. Among the 149 rural 
counties in the CFPS sample, 30 are national pilot counties and 23 are 
local pilot counties by 2018.

A child is considered first exposed in the later of two years: (i) the 
year the county adopted the program or (ii) the first year the child 
entered an eligible grade.4 The treatment indicator is absorbing. Once a 
child is observed as treated, the child remains treated in all subsequent 
waves because county participation is permanent and children leave the 
sample after completing junior secondary school. Supplementary 
Table A3 reports the distribution of treated and untreated observa
tions across survey waves and pilot types. National pilot counties 
contribute the majority of treated observations in every wave.

We also construct two continuous treatment variables. The first is 
exposure duration, defined as the number of years the child has been 
exposed to the NIP by the time of each survey wave. The second is cu
mulative subsidy intensity, measured as the cumulative value of per- 
student daily subsidies received over all years of exposure (in CNY, 
2011 prices).1 The designs of school feeding programs across countries can be found at 

https://globalallianceagainsthungerandpoverty.org/policy-instruments/school 
-meals-programmes/.

2 The average CNY/USD exchange rate was 6.5 in 2010–2018. Thus, CNY 3, 
4, and 5 are roughly equivalent to USD 0.46, 0.62, and 0.77.

3 Available online: https://hudong.moe.gov.cn/jyb_sjzl/sjzl_fztjgb/201907/ 
t20190724_392041.html.

4 Consider a county that implemented the NIP in 2013. A child who entered 
Grade 1 in 2012 would be classified as first exposed in 2013, when the program 
became available locally. A child who entered Grade 1 in 2015 would be 
classified as first exposed in 2015.
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4.3. Early-life exposure to the NCMS

To capture early-life exposure to healthcare services, we construct a 
binary indicator for whether a child was fully exposed to the NCMS 
during the first two years of life. For each child, we compare the year in 
which the child’s village first implemented the NCMS with the child’s 
birth year. A child is classified as fully exposed if the NCMS had been 
available in their village at least one year before birth, covering the first 
1000 days from the prenatal period through the child’s second birthday. 
This indicator is time-invariant at the individual level. Roughly 30% of 
observations are classified as fully exposed to the NCMS in early life, 
with similar shares in the NIP treatment and control groups (Table 1).

4.4. Child nutritional outcomes

We use anthropometric outcomes to measure child nutritional status. 
We focus on height-for-age z-scores (HAZ) and stunting as measures of 
undernutrition and additionally examine thinness. HAZ is a continuous 
measure of linear growth, with lower values indicating chronic under
nutrition. Stunting is a binary indicator equal to one if HAZ < − 2. 
Thinness is a binary indicator equal to one if BMI-for-age z-score (BAZ) 
< − 2 and captures acute undernutrition among children older than five 
years.

We also examine BMI-for-age z-scores (BAZ), overweight, and 
obesity as indicators of overnutrition. Overweight and obesity are binary 
variables, defined as BAZ > 1 and >2, respectively.

All z-scores are calculated using age- and sex-specific WHO growth 
references. For children aged 2 to under 5 years, we use the WHO Child 
Growth Standards (WHO, 2006), while for children older than five years 
we use the 2007 WHO Growth Reference (de Onis et al., 2007). We drop 
observations with biologically implausible values (HAZ below − 6 or 
above 6, BAZ below − 5 or above 5).

4.5. Mechanism variables

4.5.1. Dietary intake
Dietary information is available only in the 2010, 2011, 2012, and 

2014 waves. The survey records binary indicators for whether a child 
consumed specific food categories during the previous week. We focus 
on two groups of foods. The first consists of protein-rich foods, including 
meat, milk, eggs, and nuts. The second includes foods associated with 
poorer dietary quality, namely pickled foods, which are high in salt and 
nitrates, and fried and puffed foods, which are high in fat. We exclude 

Fig. 1. Rollout of the Nutrition Improvement Program (NIP) in China, 2011–2020. Source: Authors’ tabulations from the NIP administrative data (Ministry of 
Education of China, various years).

Table 1 
Summary statistics.

NIP treatment 
group

NIP control 
group

Mean SD Mean SD

School feeding ​ ​ ​ ​
NIP = 1 (currently treated) 0.446 0.497 0.000 0.000

Early-life intervention exposure ​ ​ ​ ​
NCMS = 1 (fully exposed at ages 0–2) 0.292 0.455 0.352 0.478

Health outcomes ​ ​ ​ ​
HAZ (Height-for-age z-score) − 1.068 1.661 − 0.690 1.552
Stunted = 1 0.279 0.448 0.190 0.392
Thinness 0.134 0.340 0.133 0.340
BAZ (BMI-for-age z-score) − 0.010 1.736 − 0.153 1.692
Overweight = 1 0.271 0.445 0.235 0.424
Obesity = 1 0.130 0.337 0.105 0.306

Dietary intake ​ ​ ​ ​
Meat (past week) = 1 0.783 0.413 0.825 0.380
Milk (past week) = 1 0.349 0.477 0.423 0.494
Nuts (past week) = 1 0.401 0.490 0.469 0.499
Eggs (past week) = 1 0.640 0.480 0.740 0.439
Pickled foods (past week) = 1 0.301 0.459 0.346 0.476
Fried and puffed foods (past week) = 1 0.358 0.480 0.363 0.481

Morbidity ​ ​ ​ ​
Illness-related school absence (past 
month) = 1

0.045 0.208 0.042 0.200

Illness frequency (past month) 0.382 0.861 0.409 0.881
Outpatient visits (past month) 0.271 0.722 0.314 0.762
Outpatient visits (past year) 1.542 2.915 1.843 3.285
Hospitalization (past year) = 1 0.076 0.264 0.055 0.228
Morbidity Index − 0.028 1.040 − 0.008 1.011

Demographics ​ ​ ​ ​
Age 9.550 3.663 9.200 3.901
Male = 1 0.532 0.499 0.523 0.500
Ethnic minority = 1 0.288 0.453 0.042 0.200

Family background ​ ​ ​ ​
Average parental education (years) 6.318 3.377 7.774 2.950
Family size 5.274 1.728 5.248 1.833
ln(per capita income, 2010 prices) 8.511 0.951 8.804 0.905

2010 village characteristics ​ ​ ​ ​
Nearby healthcare facility (hospitals and 
clinics) = 1

0.800 0.400 0.856 0.351

Nearby pharmacy = 1 0.358 0.479 0.344 0.475
Piped drinking water supply = 1 0.266 0.442 0.370 0.483

Observations 5100 7999

Notes: Authors’ tabulations of 2010–2018 CFPS data. Dietary intake information 
is only available from 2010 to 2014.
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fruit and vegetable consumption because reported consumption rates 
are almost 100%.

4.5.2. Morbidity
We use several indicators to capture short-term health conditions 

and healthcare utilization: (a) illness-related school absence in the past 
month (binary), (b) illness frequency in the past month (count), (c) 
outpatient visits in the past month (count), (d) outpatient visits over the 
past year (count), and (e) hospitalization due to illness during the past 
year (binary). Children aged ten and older report this information 
themselves, while caregivers report for younger children.

Because illness incidence varies by age and sex, we standardize each 
morbidity indicator following Hoynes et al. (2016) as well as construct a 
composite morbidity index using inverse covariance weights following 
Anderson (2008). Details are in Supplementary Part B.

4.6. Sample attrition

The CFPS is an unbalanced panel because not all individuals are 
successfully followed in every wave. On average, children are observed 
in about three of the six survey waves between 2010 and 2018, with 
similar coverage across treatment and control groups. Geographic 
mobility is not common. Only 2.6% of child-wave observations involve a 
change in county of residence, and moving from NIP to non-NIP counties 
is rare. Thus, migration is unlikely to substantially change the compo
sition of treatment and control groups over time.

A more important concern is whether attrition is related to NIP 
exposure or nutritional status. We test this using linear probability 
models and find that NIP exposure does not predict higher attrition. We 
likewise find no evidence that nutritional status is associated with 
attrition. Supplementary Part C reports the full attrition analysis.

5. Methods

5.1. Identification strategy

Our identification strategy exploits quasi-experimental variation in 
the timing of first NIP exposure at the individual level. This variation has 
two sources. First, counties implemented the NIP in different years. 
Second, children within the same county entered compulsory education 
in different years because they belong to different birth cohorts. These 
two sources of variation allow us to use a difference-in-differences (DID) 
model to compare children exposed to the NIP with rural children who 
had not yet received or never received the intervention during the study 
period. The key identifying assumption is that, conditional on fixed ef
fects and covariates, treated and control children would have followed 
parallel health trends in the absence of the NIP.

We begin with a standard two-way fixed effects (TWFE) model: 

Yit = α0 + α1NIPit +Xitγ + μi + δpt + θct + εit (1) 

Here, Yit denotes the health outcomes of child i in year t. NIPit equals 1 if 
the child is exposed to the NIP in year t. The coefficient α1 captures the 
average treatment effect. The vector (Xit) includes individual, house
hold, and village characteristics, including individual ethnicity, parental 
education, family size, per capita household income, access to health
care facility and pharmacy, and supply of piped drinking water. Because 
village information is collected in 2010, we interact these variables with 
year dummies. Individual fixed effects (μi) absorb time-invariant het
erogeneity, such as genetics. Province-by-year fixed effects (δpt) capture 
province-specific shocks. Birth-cohort-by-year fixed effects (θct) account 
for shocks common to children born in the same year. εit is the error term 
and standard errors are clustered at the county level.

TWFE estimators may be biased under staggered treatment adoption 
(Goodman-Bacon, 2021). Following de Chaisemartin and D'Haultfœuille 
(2020), we assess the extent of negative weighting in our setting and find 

that negative weights account for 0.54% of total weight mass, suggesting 
limited bias. We nevertheless report TWFE estimates alongside our 
preferred specification for transparency.

Our preferred estimator is the stacked DID approach developed by 
Cengiz et al. (2019) and Baker et al. (2022). For each treatment cohort 
defined by the year of first NIP exposure, we pair treated children with 
all never-treated rural children and then stack the resulting sub-datasets 
and estimate Eq. (1). Because each treated cohort is compared to never- 
treated children, the stacked estimator avoids the negative-weighting 
problem of TWFE DID models.

To examine dynamic treatment effects and test the parallel trends 
assumption, we estimate a stacked event study specification: 

Yit = β0 +
∑

k∕=− 1

βk1{t − Ti = k}+Xitγ + μi + δpt + θct + εit (2) 

where Ti denotes the first year that child i receives the NIP. The indicator 
1{t − Ti = k} identifies event time relative to first exposure, with k = − 1 
(the year immediately before treatment) as the omitted period. The pre- 
treatment coefficients (k < − 1) test the parallel trends assumption. 
Statistically insignificant estimates would indicate that treated and 
control children followed similar health trends before NIP exposure and 
also rule out the concern of anticipation effects. The post-treatment 
coefficients (k ≥ 0) reveal the dynamic treatment effects over time.

5.2. Testing for growth recovery

We are particularly interested in whether the NIP generates larger 
improvements among children with poorer nutritional status. We 
construct two measures of baseline nutritional status. The primary 
measure is baseline stunting, based on pre-treatment HAZ observations. 
When HAZ measurements before age six are available, we use their 
median value. Otherwise, we use the median of the child’s two earliest 
HAZ observations. For children in the treatment group, all observations 
used to construct baseline HAZ must occur before the first year of NIP 
exposure. For children in the control group, we use the two earliest HAZ 
observations. We classify a child as stunted at baseline if this measure is 
below − 2. We then re-estimate the stacked event study (Eq. (2)) sepa
rately for children with poorer and better nutritional status.

For robustness checks, our second measure classifies children ac
cording to whether they were ever observed to be stunted between 2010 
and 2018.

We also interact NIP exposure with the nutritional status indicator in 
a full-sample regression to test whether treatment effects differ signifi
cantly across groups. To complement these analyses, we also estimate 
quantile regressions that allow the NIP effect to vary across the 10th to 
90th percentiles of the HAZ distribution.

5.3. Early-life health investments and later nutritional interventions

We examine whether exposure to the NCMS during the first 1000 
days of life shapes the effects of later NIP exposure. The staggered rollout 
of the NCMS and variation in children’s birth cohorts generate differ
ences in early-life exposure to healthcare services. We interact NIP 
exposure with early-life NCMS exposure (EarlyNCMSi): 

Yit = β0 +
∑

k∕=− 1

βk1{t − Ti = k}+
∑

k∕=− 1

φk[1{t − Ti = k} × EarlyNCMSi ]

+Xitγ + μi + δpt + θct + εit

(3) 

The coefficients φk capture the additional effect of NIP exposure among 
children who received NCMS early in life. This specification also in
cludes interactions between the NCMS indicator and year dummies to 
account for health trends associated with NCMS exposure.

Eq. (3) allows a triple-difference parallel trends test. The interaction 
coefficients φk for pre-treatment periods (k < 0) indicate whether the 
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health gap between children with and without early-life NCMS exposure 
was already changing before NIP exposure began. Statistically insignif
icant estimates would support that the estimated interaction effects are 
not driven by pre-existing differential trends.

6. Results

This section presents the main findings. First, we report the average 
treatment effects of the NIP and how these effects evolve with continued 
exposure. We also assess the robustness of the identification strategy. 
Then, we investigate whether the NIP benefits children with poorer 
nutritional status more. Next, we examine whether early-life exposure to 
the NCMS affects the effects of the NIP. Finally, we test the mechanisms 
through which the NIP impacts child health.

6.1. Baseline estimation

Mean effects of NIP exposure on nutritional status
Table 2 presents estimated effects of NIP exposure on child anthro

pometrics. Each column reports results from both the TWFE and the 
stacked DID specifications using Eq. (1). Both estimators yield effects 
with consistent signs and statistical significance across outcomes. The 
stacked DID estimates are slightly larger in magnitude. Because the 
stacked DID approach relies on never-treated units as controls, we focus 
on these estimates for interpretation.

Panel A reports effects on undernutrition. NIP exposure increases 
HAZ by 0.29 standard deviations and reduces stunting by 14.6 per
centage points. During 2010–2018, mean HAZ among treated children 
increased from − 1.51 to − 0.71, and the stunting rate declined from 42% 
to 13%. The NIP may account for a significant share of this improve
ment. The effect on thinness is small and statistically insignificant.

These findings indicate that school feeding can improve child growth 
and reduce chronic undernutrition during the school-age years. The 
results are consistent with previous evaluations of SFPs in China and 
India, which report HAZ gains of about 0.2–0.4 standard deviations and 
substantial reductions in stunting (Shrinivas et al., 2025; Singh et al., 
2014; Su et al., 2024; Wang et al., 2023). Evidence on thinness is mixed, 
and our null findings are consistent with results from Ghana and 

Thailand (Gelli et al., 2019; Pongutta et al., 2023).
Panel B presents effects on overnutrition. NIP exposure reduces BAZ 

by 0.43, lowers the probability of overweight by 9.6 percentage points, 
and lowers the probability of obesity by 9.0 percentage points. These 
findings suggest that the NIP improves nutritional status without 
creating a trade-off between reducing undernutrition and preventing 
overnutrition. This is particularly relevant in rural China, where un
dernutrition and overnutrition coexist. We explore the potential mech
anisms in Section 6.6.

Previous evidence regarding overnutrition is relatively limited. 
Many studies in LMICs report insignificant effects of SFPs on overweight 
and obesity (Alderman et al., 2024). Studies from upper-middle-income 
and high-income countries show comparable results. SFPs in Brazil, 
Japan, and England have been shown to reduce overweight and obesity, 
particularly among socioeconomically disadvantaged children (Boklis- 
Berer et al., 2021; Holford and Rabe, 2024; Maruyama and Nakamura, 
2025). Our estimates are larger in magnitude than these studies, 
possibly due to the higher baseline prevalence of overnutrition in rural 
China.

Subgroup analysis
Further, we compare NIP effects across gender groups and by 

household per capita income and parental education. As shown in 
Supplementary Table A4, estimated effects tend to be larger among girls, 
children from lower-income households, and children whose parents 
have lower levels of education. These groups also have lower mean HAZ 
than their counterparts.

These results suggest that the benefits of the NIP may be concen
trated among children facing greater nutritional disadvantages. This 
also implies that the NIP may reduce inequalities in child health. We 
examine this hypothesis more directly in Section 6.4 by analyzing 
treatment effect heterogeneity according to children’s baseline nutri
tional status.

6.2. Dynamic effects and dose–response

Event study
Fig. 2 presents stacked event study estimates for HAZ, stunting, and 

thinness based on Eq. (2). The coefficients for pre-treatment periods 
(from − 6 to − 2) are close to zero and statistically insignificant, sug
gesting no evidence of differential pre-treatment trends or anticipation 
effects.

The post-treatment coefficients indicate that NIP benefits accumu
late over time. Panel (a) shows that gains in HAZ emerge after one year 
of exposure and continue to increase thereafter, reaching approximately 
0.4–0.5 standard deviations after six years. This pattern is consistent 
with the cumulative nature of nutritional investments and with the 
dynamic effects of SFPs in other LMICs (Chakrabarti et al., 2021). Panel 
(b) reveals a similar pattern for stunting. The estimated effects become 
increasingly negative over time. Panel (c) shows no statistically signif
icant effects on thinness.

Supplementary Fig. A6 presents stacked event study estimates for 
BAZ, overweight, and obesity. The parallel trends assumption holds 
across all three regressions. Post-treatment effects become increasingly 
negative, indicating that longer exposure is associated with larger re
ductions in overnutrition.

Dose-response analysis
The event study estimates suggest that effects accumulate with 

continued exposure. To examine this relationship more directly, we 
replace the binary treatment indicator with continuous measures of 
program exposure, capturing duration and intensity. Since the stacked 
DID approach is not applicable to continuous treatment specifications, 
we estimate TWFE models. Table 3 reports the results. For reference, 
column (1) reproduces the baseline estimate based on the binary treat
ment indicator.

Table 2 
Impact of NIP exposure on child anthropometric outcomes.

Panel A: Undernutrition outcomes

(1) (2) (3)
HAZ Stunting Thinness

TWFE DID 0.231** − 0.088*** 0.003
​ (0.098) (0.028) (0.036)
Stacked DID 0.290*** − 0.146*** 0.009
​ (0.095) (0.030) (0.032)

Panel B: Overweight and obesity outcomes

​ (4) (5) (6)
​ BAZ Overweight Obesity

TWFE DID − 0.308** − 0.069** − 0.057**

​ (0.151) (0.034) (0.022)
Stacked DID − 0.429*** − 0.096** − 0.090***

​ (0.144) (0.040) (0.027)

Controls Yes Yes Yes
Individual FE Yes Yes Yes
Province × Year FE Yes Yes Yes
Birth cohort × Year FE Yes Yes Yes
Observations 13,099 13,099 13,099

Notes: Each cell reports the estimated coefficient on the NIP exposure dummy 
from a separate regression (Eq. (1)). Standard errors, clustered at the county 
level, are reported in parentheses. The thinness analysis uses 11,054 observa
tions. ** p < 0.05, *** p < 0.01.
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Column (2) shows that each additional year of NIP exposure in
creases HAZ by 0.07 and reduces stunting by 3.3 percentage points. The 
binned specification in column (3) shows that, for HAZ, the estimated 
effect rises from 0.22 among children exposed for 1–3 years to 0.35 
among those exposed for 4–6 years. The reductions in stunting are also 
larger among children with longer exposure durations. Column (4) ex
amines treatment intensity using cumulative per-student NIP subsidies, 
measured in thousands of 2011 CNY (about USD 154). An additional 
1000 CNY of cumulative investment increases HAZ by 0.11 and reduces 
stunting by about 5 percentage points. These results suggest that both 
the duration and intensity of exposure contribute to the observed im
provements in child growth.

To assess practical significance, we translate the HAZ estimates into 
centimeters (cm). According to the WHO 2007 growth reference, the 

height standard deviation at our sample mean age of 9.5 years is about 
5.9 cm. The back-of-the-envelope calculations in Supplementary 
Table A5 suggest that a child with average NIP exposure gains around 
1.7 cm in height relative to an unexposed child. Each additional year of 
exposure adds roughly 0.4 cm, and children exposed for 4–6 years gain 
nearly 2 cm.

The estimated annual gain of 0.4 cm is consistent with existing evi
dence. A meta-analysis of randomized controlled trials of SFPs in LMICs 
reports an average annual height gain of 0.32 cm (Wang et al., 2021), 
while some programs suggest larger effects. For example, a program in 
poor regions of Guyana increased child height by about 0.8 cm within 
one year (Ismail et al., 2012).

The cumulative gains are also meaningful from a policy perspective. 
The rural–urban height gap among school-age children in China is about 
4 cm (Supplementary Fig. A1). Our estimates imply that six years of NIP 
exposure may close nearly half of this gap.

6.3. Placebo test and robustness checks

One concern is that the estimated effects may reflect other contem
poraneous policies or broader time trends rather than the NIP. To assess 
this possibility, we perform a falsification test using urban children born 

Fig. 2. Dynamic effects of NIP exposure on undernutrition outcomes. Notes: 
This figure reports coefficient estimates from Eq. (2) using the stacked event 
study specification. The sample includes 13,099 observations for the HAZ and 
stunting analyses and 11,054 observations for the thinness analysis. Error bars 
indicate 95% confidence intervals. Period 0 denotes the first year of 
NIP exposure.

Table 3 
Impact of duration and intensity of NIP exposure on HAZ and stunting.

Binary Duration 
(continuous)

Duration 
(binned)

Investment 
intensity

Panel A: HAZ
(1) (2) (3) (4)

NIP exposure (=1) 0.231** ​ ​ ​
​ (0.098) ​ ​ ​
Years exposed ​ 0.074*** ​ ​
​ ​ (0.026) ​ ​

1–3 years ​ ​ 0.215** ​
​ ​ ​ (0.101) ​

4–6 years ​ ​ 0.345** ​
​ ​ ​ (0.144) ​
Cumulative 

investment 
(1000 CNY, 2011 
prices)

​ ​ ​ 0.113***

​ ​ ​ ​ (0.042)

Panel B: Stunting

​ (5) (6) (7) (8)

NIP exposure (=1) − 0.088*** ​ ​ ​
​ (0.028) ​ ​ ​
Years exposed ​ − 0.033*** ​ ​
​ ​ (0.008) ​ ​

1–3 years ​ ​ − 0.078*** ​
​ ​ ​ (0.027) ​

4–6 years ​ ​ − 0.155*** ​
​ ​ ​ (0.048) ​
Cumulative 

investment 
(1000 CNY, 2011 
prices)

​ ​ ​ − 0.053***

​ ​ ​ ​ (0.013)

Controls Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes
Province × Year FE Yes Yes Yes Yes
Birth cohort × Year 

FE
Yes Yes Yes Yes

Observations 13,099 13,099 13,099 13,099

Notes: Each column reports estimates from a separate TWFE regression (Eq. (1)). 
In the duration-bin specifications (columns 3 and 7), the reference category is 
years exposed = 0, which includes both never-treated and not-yet-treated chil
dren. Standard errors, clustered at the county level, are reported in parentheses. 
** p < 0.05, *** p < 0.01.
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between 1996 and 2012 and aged 2–16, a population that was never 
exposed to the program. Following the same procedure used for the rural 
sample, we assign placebo treatment dates to urban children and esti
mate the stacked event study specification. If the main estimates capture 
factors unrelated to the NIP, similar effects should also appear in the 
placebo sample. The estimated coefficients are small and statistically 
insignificant in both pre- and post-treatment periods (Supplementary 
Fig. A7). This suggests that our main results are unlikely to be driven 
by contemporaneous policies or broader trends.

In addition, we conduct several robustness checks, including per
mutation tests, alternative staggered DID estimators developed by 
Wooldridge (2025) and Sun and Abraham (2021), sensitivity analyses 
proposed by Rambachan and Roth (2023), and tests addressing data 
quality, migration, and measurement concerns. Across all tests, the 
estimated effects remain stable. Detailed results are reported in 
Supplementary Information D.

6.4. Heterogeneity by initial nutritional status

We next examine whether the benefits of the NIP are concentrated 
among children with poorer initial nutritional status. We re-estimate the 
stacked event study specification in Eq. (2) separately for children 
classified as stunted and non-stunted using the definitions described in 
Section 5.2. Fig. 3 reports the results. In all regressions, the pre- 
treatment coefficients are statistically insignificant, supporting the 
parallel trends assumption.

Panel (a) classifies children according to baseline stunting status. 
Among children who were stunted prior to treatment, the NIP effects on 
HAZ emerge within the first year of exposure and increase steadily over 
time, reaching about 1.0 standard deviation after five to six years. The 
effects on HAZ among non-stunted children are small during the post- 
treatment period. These results suggest that the benefits of school 
feeding are concentrated among children with substantial growth defi
cits. Panel (b), which classifies children according to whether they were 
ever observed to be stunted during the study period, shows consistent 
results.

Supplementary Table A6 reports additional evidence from full- 

sample regressions that interact NIP exposure with indicators of nutri
tional disadvantage. The interaction terms are positive and statistically 
significant for HAZ and negative and significant for stunting, confirming 
that NIP effects are larger among children with poorer initial nutritional 
status.

Fig. 4 further examines heterogeneity across the HAZ distribution 
using quantile regressions. The estimated effects are largest at the lowest 
quantiles, e.g., 0.58 at the 10th percentile and 0.39 at the 30th 
percentile. The effects decline and become statistically insignificant at 
higher quantiles. These findings confirm that the NIP primarily benefits 
children with the most severe growth deficits.

These findings echo the subgroup results reported in Section 6.1, 
which show larger gains among socioeconomically disadvantaged chil
dren, who have lower HAZ scores. More broadly, our results provide 
evidence that school feeding can promote growth recovery during the 
school-age years. They also align with a growing body of research sug
gesting that nutritional interventions delivered beyond early childhood 
may generate particularly large benefits for children who have experi
enced growth failure (Roberts and Stein, 2017).

6.5. Heterogeneity by early-life NCMS exposure

Before examining whether early-life exposure to the NCMS in
fluences the potential for growth recovery, we assess its direct effects on 
child growth. Using a cohort DID analysis reported in Supplementary 
Part E, we find that full NCMS exposure during the first 1000 days re
duces stunting by 5 percentage points but does not affect HAZ. This 
pattern is plausible because the NCMS expands access to healthcare 
services rather than providing direct nutritional support.

Next, we examine the interaction of NIP and early-life NCMS expo
sure, as modeled in Eq. (3). Fig. 5 presents stacked event study estimates 
on HAZ and stunting. Panel (a) shows that children exposed only to the 
NIP and those exposed to both the NIP and the NCMS experience sig
nificant improvements in HAZ. Panel (b) reports the interaction effects. 
The estimated interaction coefficients (φk) are small and insignificant, 
indicating that NCMS exposure does not amplify the average height 
gains generated by school feeding. The pre-treatment coefficients are 

Fig. 3. Event-study estimates by nutritional status. Notes: This figure presents stacked event study estimates from Eq. (2) of the effect of NIP exposure on HAZ, 
estimated separately by children’s nutritional status. Panel (a) classifies treatment and control children by baseline stunting status. Panel (b) classifies children 
according to whether they were ever observed to be stunted. Error bars represent 95% confidence intervals. Period 0 denotes the first year of NIP exposure.
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Fig. 4. Quantile regression. Notes: This figure presents the results of quantile regressions estimating the impact of NIP exposure on the distribution of HAZ, estimated 
at deciles from the 10th to 90th percentile. All specifications include individual, province-by-year, and birth-cohort-by-year fixed effects. Control variables include 
individual ethnicity, parental education, family size, per capita household income, and 2010 village characteristics. Standard errors are clustered at the county level. 
Error bars represent 95% confidence intervals.

Fig. 5. Dynamic effects of the NIP by NCMS exposure (implemented before birth). Notes: This figure shows stacked event study coefficients from Eq. (3) using the full 
sample. In Panels (a) and (c), the blue line represents children with only NIP exposure, while the red line represents children with dual exposure. Panels (b) and (d) 
show the additional effect of NIP for children with early-life NCMS exposure relative to those without such exposure. Standard errors are clustered at the county level. 
Error bars indicate 95% confidence intervals. Period 0 denotes the first year of NIP exposure.
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insignificant, supporting the parallel trends assumption.
Panels (c) and (d) reveal a different pattern for stunting. Although 

stunting declines following NIP exposure in both groups, the reductions 
are larger among children exposed to the NCMS early in life. The 
interaction effects are negative and statistically significant, indicating 
that exposure to both programs generates additional reductions in 
stunting. Supplementary Fig. A8 reports similar results using an alter
native definition of NCMS exposure that classifies children as exposed if 
the NCMS was introduced at any point before age two.

These results mean that the interaction primarily affects children 
near the stunting threshold, rather than improving linear growth over
all. Early-life healthcare does not increase the average height response 
to school feeding. Instead, by mitigating the impact of early health 
deficits and improving children’s capacity to utilize nutrients, it may 
place disadvantaged children closer to the stunting threshold. Conse
quently, these children are more likely to experience sufficient growth 
from subsequent NIP exposure to recover from stunting.

6.6. Mechanism analysis

6.6.1. Dietary intake
Supplementary Fig. A9 presents stacked event study estimates of the 

effects of NIP exposure on the consumption of six food categories. The 
most pronounced dietary change is a reduction in the consumption of 
fried and puffed foods. We do not find significant changes in the con
sumption of protein-rich foods, including meat, milk, eggs, and nuts. The 
decline in fried and puffed food consumption suggests that school 
feeding may partially substitute for energy-dense foods, consistent with 
the reductions in overweight and obesity.

The insignificant effects on protein-rich foods do not necessarily 
mean that the NIP fails to improve dietary quality. Three factors likely 
contribute. First, dietary information is available only through 2014, 
when the purchasing power of the NIP subsidy remained low in some 
provinces (Supplementary Fig. A3). Second, although the Ministry of 
Education established detailed standards for food procurement, cooking, 
and nutritional balance, only about half of the schools in the pilot 
counties had well-equipped canteens in 2012 (Ministry of Education of 
China, 2012). These schools may provide basic food items rather than 
nutritionally balanced meals in the early program years. Third, the CFPS 
records only binary indicators of weekly food consumption and cannot 
capture changes in portion size or nutrient composition. Consumption 
rates for some foods are already high (meat 80%, eggs 69%), resulting in 
limited within-individual variation under individual fixed effects. When 
we instead use county fixed effects, the estimates additionally suggest 
increased meat consumption and reduced pickled food consumption 
(Supplementary Fig. A10). However, these estimates should be inter
preted cautiously because they are more susceptible to unobserved 
confounding.

6.6.2. Morbidity
We examine whether NIP exposure affects child morbidity. 

Supplementary Table A7 reports stacked DID estimates for a composite 
morbidity index and five individual indicators. NIP exposure signifi
cantly reduces the morbidity index by 0.20 standard deviations. The 
effects are concentrated in illness frequency and outpatient healthcare 
utilization. Effects on illness-related school absence and hospitalization 
are also negative but insignificant.

Supplementary Fig. A11 presents the event study estimates. Across 
all outcomes, the pre-treatment coefficients are insignificant. The post- 
treatment coefficients become increasingly negative over time, partic
ularly for the composite morbidity index, suggesting that the benefits of 
the NIP accumulate with continued exposure. The dynamic pattern also 
matches how treatment effects evolve on HAZ and stunting, suggesting 
that reduced morbidity is one channel through which the NIP contrib
utes to improvements in child growth.

7. Discussion and conclusion

School feeding has become the most widespread child health inter
vention in the world. Using nationally representative panel data from 
China between 2010 and 2018, this study examines whether a large- 
scale school feeding program can improve child health beyond the 
first 1000 days of life. We find that exposure to the NIP increases height- 
for-age and reduces stunting. These benefits accumulate with continued 
exposure and are accompanied by reductions in overweight and obesity. 
Mechanism analyses suggest that improvements in diets and reductions 
in morbidity likely mediate these effects.

Our findings contribute to a debate regarding the reversibility of 
early growth deficits. A common view is that the first 1000 days 
constitute a critical period after which opportunities for growth recov
ery become increasingly limited (see Attanasio, 2026, for a recent re
view). Our results suggest a more nuanced picture. While early-life 
interventions are important, the school years can also be a meaningful 
window for improving child growth. The largest benefits of the NIP 
accrue to children with the poorest nutritional status. Children who 
were stunted prior to treatment experience larger improvements in HAZ 
and larger reductions in stunting. Similar patterns emerge among chil
dren from socioeconomically disadvantaged households. These findings 
indicate that school feeding can promote growth recovery and help 
reduce health disparities that emerge earlier in life.

Our study also contributes to the literature on the double burden of 
malnutrition. Most studies of SFPs in LMICs focus on undernutrition. We 
show that the NIP reduces stunting while simultaneously lowering 
overweight and obesity. The dietary evidence suggests that school meals 
may partly replace energy-dense foods. School feeding need not involve 
a trade-off between reducing undernutrition and preventing excess 
calorie intake. In settings where both forms of malnutrition coexist, well- 
designed SFPs may help address multiple nutritional challenges.

Beyond dietary channels, we find that NIP exposure reduces 
morbidity, particularly illness frequency and outpatient healthcare uti
lization. These reductions accumulate over time in a pattern consistent 
with the gradual improvements in HAZ, supporting reduced morbidity 
as an additional pathway through which school feeding contributes to 
child growth. Lower illness rates may also improve school attendance. 
Consequently, reduced morbidity represents an important mechanism 
linking school feeding to gains in child growth and, potentially, long- 
term human development.

Another contribution involves the interaction between interventions 
delivered at different life stages. We find that children exposed to both 
the NCMS and the NIP are more likely to recover from stunting. Hence, 
although SFPs can promote growth recovery among children who 
missed earlier developmental opportunities, a favorable early-life health 
environment further increases the likelihood that these children benefit 
from school feeding.

These findings have policy implications. First, while the first 1000 
days are important for child development, they do not represent the end 
of opportunities for intervention. Investments during the school-age 
period can generate meaningful health improvements among children 
with the greatest initial disadvantages. Second, school feeding programs 
can contribute to addressing both undernutrition and overnutrition 
when meals are appropriately designed. Third, school feeding should 
not be viewed as a substitute for early-life health investments. In
terventions delivered at different stages may impact different aspects of 
health. We advocate for a life-course approach to child development that 
coordinates nutrition and health policies.

Several limitations should also be acknowledged. First, we do not 
capture changes in food quantity and quality driven by the NIP. More 
detailed dietary measures, such as 24-h dietary recalls, would allow a 
more precise assessment of dietary mechanisms. Second, while we 
identify an interaction between early-life NCMS exposure and later 
school feeding and discuss plausible mechanisms, we do not directly test 
which mechanisms drive this relationship. Further interdisciplinary 

Z. Liu and Z. Huang                                                                                                                                                                                                                            Food Policy 144 (2026) 103190 

10 



research in nutrition and child development is needed. Third, it remains 
unclear whether the documented height gains persist into adulthood or 
translate into longer-term health and economic outcomes.

The external validity of our findings should also not be overstated. 
China faces the coexistence of undernutrition and rapidly rising over
nutrition, and the NIP employs a program design that differs from that of 
many SFPs elsewhere. More comparative research is needed across 
countries with different nutritional conditions and program designs.

Nevertheless, our findings point to a broader implication. Well- 
designed SFPs can improve child health beyond early childhood, 
particularly among children facing the greatest nutritional and socio
economic disadvantages. In a world where nutritional inequalities 
remain pervasive and social protection systems face growing pressures, 
school feeding is a potentially powerful tool for promoting healthier and 
more equitable child development.
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