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Abstract

We study how insecure land rights—an institutional barrier to mobility that is pervasive in
developing countries—lead to persistent misallocation of talent by distorting educational investment.
Using a Roy (1951) model of occupational choice with endogenous schooling, we show that land
insecurity discourages individuals with high non-agricultural talent from investing in education and
transitioning out of agriculture. Stronger land security incentivizes talented young people to acquire
more schooling and enter skill-intensive occupations, whereas older individuals with comparable talent
but predetermined educational levels remain trapped in farming. We test these predictions using the
staggered rollout of China’s Rural Land Contracting Law as a quasi-experimental improvement in land
security. Relative to older cohorts with fixed education, the reform induced younger cohorts to attain
more schooling and subsequently move from low-skill rural jobs to high-skill urban occupations. These
effects are strongest among individuals with a comparative advantage in non-agricultural work.
Together, the findings reveal a previously overlooked channel through which mobility frictions
perpetuate talent misallocation—by shaping educational decisions long before individuals enter the
labor market.
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1 Introduction

A remarkable feature of low-income economies is that resource misallocation contributes to

large gaps in output per worker relative to rich countries (Hsieh & Klenow, 2009). While

much attention has focused on the misallocation of physical inputs such as capital and labor, an

equally important factor is the misallocation of talent across occupations and locations. Mobility

frictions, such as informational constraints, cultural norms, and institutional barriers, often

prevent workers from sorting into their most productive uses, creating systematic distortions in

how human resources are allocated (Munshi & Rosenzweig, 2016; Ngai et al., 2019).

Policy reforms that reduce these mobility frictions do not automatically eliminate

misallocation, however.1 Even when formal barriers fall, workers may remain trapped in

suboptimal positions due to distorted decisions made under the old regime. Among these

decisions, educational investments represent a particularly important channel through which

earlier mobility frictions perpetuate talent misallocation. When individuals anticipate limited

career mobility, they rationally adjust their educational choices, potentially underinvesting in

skills and credentials that would be valuable in more productive occupations or locations.2

Because educational decisions are made early in life and have long-term consequences, these

distortions can persist even after mobility frictions decline, creating a form of path dependence

that limits talent reallocation.

We study how insecure land rights—an institutional barrier to mobility—generate

persistent talent misallocation by distorting educational investments. In China and many

developing countries, rural residents face the risk of losing valuable land-use rights if they do

not farm the land themselves (Brandt et al., 2002; De Janvry et al., 2015). In China

specifically, rural land is collectively owned and, before recent reforms, was subject to periodic

reallocation by village authorities, creating uncertainty for those who left their home villages.

Existing research shows that this insecurity deters land rentals, work outside agriculture, and

migration to urban areas (Ngai et al., 2019; Chari et al., 2021; Adamopoulos et al., 2022), but

its effects on forward-looking educational decisions remain unexplored. Does land insecurity

distort educational investments by altering expected career paths? And when reforms
1For example, Hsieh & Klenow (2009) documents declining misallocation in China (1998–2005) but rising

misallocation in India (1987–1994), despite both countries pursuing similar reforms.
2Nakamura et al. (2022) provide compelling evidence of this mechanism, showing that growing up on a wealthy

fishing island in Iceland leads to lower educational attainment. When a volcanic eruption forced some households
to relocate, their children subsequently obtained more education and achieved higher incomes.
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strengthen land security, can they reallocate talent efficiently, or does misallocation persist

among cohorts who made schooling choices under the old regime?

To answer these questions, we exploit the staggered rollout of China’s Rural Land

Contracting Law (RLCL) as a quasi-experimental improvement in land rights security. The

law was first implemented in 2003 in two provinces and gradually rolled out across 23

provinces by 2015, covering 77% of the population. It strengthened land security by

prohibiting arbitrary village-wide reallocations, granting legal rights to lease farmland, and

protecting land-use rights for individuals who migrate temporarily for work or education.

Existing research shows that the RLCL increased land rental activity (Chari et al., 2021) and

reduced the probability of land reallocations (Zhao, 2020; Adamopoulos et al., 2024),

confirming its effectiveness in enhancing land security.

Our empirical analysis proceeds in two complementary parts. We first examine the RLCL’s

immediate effects on individuals already active in the labor market when the law took effect—the

focus of existing research. Building on Chari et al. (2021), we construct a panel dataset of

households and villages from the National Fixed Points (NFP) survey to estimate the RLCL’s

effects on land rental activity, income, and employment among the current workforce. We

implement the Extended Two-Way Fixed Effects (ETWFE) estimator (Wooldridge, 2021) to

accommodate heterogeneous treatment effects and avoid the negative-weights problem inherent

in staggered difference-in-differences designs. Consistent with prior studies, we find that the

reform increases land rental activity, household income, and non-agricultural employment. These

effects are consistent with classical selection models, in which workers reallocate toward their

comparative advantage (Roy, 1951; Lagakos & Waugh, 2013; Adamopoulos et al., 2022).

However, these immediate responses may understate the reform’s full economic impact

because individuals already in the labor market are constrained by their fixed educational

attainment. Younger cohorts not yet in the workforce can adjust both their educational

investments and subsequent occupational choices in response to improved mobility prospects.

To formalize this distinction, we develop a simple Roy (1951) model of occupational choice

with two overlapping generations and endogenous education. In the model, land insecurity

raises the cost of exiting agriculture, discouraging the older generation (current workers) from

reallocating across sectors and altering the younger generation’s expected career paths and

educational choices. Education is assumed to complement non-agricultural work more than

farming. The model yields a key prediction: improvements in land security should have
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disproportionately larger effects on younger individuals, inducing them to invest more heavily

in education and subsequently transition into the non-agricultural sector, where educational

returns are higher. The difference between the young and the old captures the persistent

misallocation among current workers arising from past educational decisions.

To test this prediction, we employ a cohort difference-in-differences (DID) design comparing

individuals who reached age 15 before versus after RLCL implementation in their province. Age

15 marks the transition from compulsory to non-compulsory schooling in China, when students

decide whether to continue to high school. This decision represents the first gateway to college

and skilled employment, and students who forgo high school have little opportunity to re-enter

education later. Therefore, individuals older than 15 correspond to the model’s older generation

with fixed education, whereas younger individuals represent the younger generation that can still

adjust their schooling choices. The staggered provincial rollout of the RLCL, combined with

cohort differences in the flexibility to adjust education, provides quasi-experimental variation

to identify how the reform affected different cohorts. To implement this design, we link RLCL

implementation data with the 2015 inter-censal population survey (the “mini-census”), a 1%

nationally representative dataset that offers sufficient statistical power to precisely estimate

cohort-specific reform effects.

We find significant effects of the land reform on educational attainment among younger

cohorts relative to older ones. Exposure to the RLCL at age 15 or earlier increases high school

enrollment by 3 percentage points (8% of the sample mean) and college enrollment by 3

percentage points (18% of the sample mean). These effects are concentrated among boys,

consistent with gender differences in land allocation in rural China. Adult women typically

obtain land rights through their husbands’ families upon marriage rather than retaining rights

in their birth villages, making land rights insecurity less consequential for their educational

decisions early in life.

These educational gains translate into greater occupational reallocation among younger

cohorts relative to older ones. Boys exposed to the RLCL at age 15 or earlier are 2 percentage

points less likely to work in rural low-skilled occupations—including farming and

construction—and 1 percentage point more likely to work in urban high-skilled employment.3

Consistent with improved job matching, we observe a 1% increase in individual income among
3Construction work is grouped with farming because construction workers are predominantly temporary rural

migrants who maintain agricultural production during peak seasons, unlike workers in other sectors who typically
exit agriculture completely. See Section 3 for details.
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these younger cohorts, suggesting higher productivity when workers are allocated to positions

better aligned with their abilities. These results indicate that land insecurity created

systematic misallocation by trapping high-ability rural youth in low-skill employment and

preventing them from obtaining education that would enable access to jobs matching their

potential. By removing mobility barriers, the RLCL induces substantially greater—and more

skill-intensive—labor reallocation among younger cohorts than among current workers, who

remain constrained to move primarily between low-skill occupations due to their limited

educational attainment.

Our extended Roy model highlights two channels through which land security improvements

affect labor mobility: education and occupation. It distinguishes between two types of compliers:

(A) security-only switchers, who leave agriculture regardless of whether they can adjust their

education; and (B) education-enabled switchers, who leave agriculture only if they are young

enough to increase their schooling first. Our cohort DID design identifies both groups when

analyzing educational outcomes but only group B when examining occupational shifts out of

agriculture. As a result, the estimated occupational effects are roughly two-thirds the magnitude

of the educational effects.

The framework also offers broader implications. It helps rationalize empirical strategies

that exploit key educational windows to estimate the impact of local shocks on human capital

formation (Atkin, 2016; Lu et al., 2023), since such designs effectively distinguish between

cohorts that can and cannot adjust their schooling. It further explains why estimates for

educational attainment and occupational choice may diverge—they capture responses from

different complier groups. Most importantly, it shows that focusing solely on farming versus

non-farming transitions understates the welfare costs of mobility frictions, as much of the

misallocation persists within the non-agricultural sector when educational constraints limit

movement into higher-skill occupations.

An important feature of the Roy model is that individuals choose occupations based on

their comparative advantage. Our extended Roy model predicts that educational responses to

improved land security should be stronger among individuals with low comparative advantage

in agriculture, for whom the gains from shifting out of farming are greatest. We test this

prediction by examining heterogeneity across pre-reform marginal productivity of land (MPL)

using the NFP data. Consistent with the model’s prediction, we find that boys from low-MPL

families experience substantially larger increases in high school attendance after the reform than
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boys from high-MPL families. Girls from low- and high-MPL families show much smaller and

insignificant improvements.4 Moreover, educational attainment among older cohorts does not

vary by pre-reform agricultural productivity, ruling out absolute advantage or mean reversion as

explanations. Finally, the RLCL raises income by a similar magnitude for households with high

and low pre-reform MPL, suggesting that income effects alone cannot account for the increase

in schooling.

This study relates to several strands of literature. First, we contribute to the literature on

input misallocation, which emphasizes inefficient resource allocation as a key factor underlying

low aggregate productivity in developing countries. Building on the research agenda outlined

by Restuccia & Rogerson (2017), we identify and analyze a concrete institutional source of

misallocation within a major developing economy. Prior studies have examined the effects of

trade, migration costs, and the hukou system (Tombe & Zhu, 2019; Munshi & Rosenzweig,

2016; Ngai et al., 2019), emphasizing trade-related spatial misallocation of labor through

models calibrated to aggregate data. In contrast, our analysis focuses on a specific policy

reform and highlights inefficiencies in educational investments and occupational choices among

children—an underexplored mechanism linking land institutions to aggregate productivity.

Our findings suggest that land institutions can be an important barrier preventing rural

children from pursuing education and occupations that match their capabilities. Accordingly,

our study relates closely to recent work by Hsieh et al. (2019), Nakamura et al. (2022),

Lo Bello & Morchio (2022), and Celik (2023), which examine the causes and consequences of

talent misallocation across occupations and locations.

Second, we contribute to the extensive literature on land institutions and their economic

implications (De Janvry et al., 2015; Chari et al., 2021), particularly their effects on labor

allocation (Ngai et al., 2019; Adamopoulos et al., 2022, 2024; Gai et al., 2024; Chen et al., 2025).

Notably, Adamopoulos et al. (2024) and Gai et al. (2024) model differences between young and

old adults, emphasizing heterogeneity in ability and mobility barriers as drivers of structural

transformation. However, these analyses typically treat education levels as fixed across cohorts.

In contrast, our framework explicitly incorporates the next generation’s educational investment

decisions as an endogenous response to improvements in land institutions. In doing so, our study

bridges the literature on land institutions with that on education-driven labor reallocation and

structural transformation (Porzio et al., 2022).
4Because the last available NFP wave with a sufficient sample is 2013, we focus this heterogeneity analysis on

high school attendance, as the relevant cohorts are too young for reliable college or occupational outcomes.
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The rest of the paper is organized as follows. The next section provides institutional

background. Section 3 describes the data and key variables. Section 4 presents a model of

occupational choice that guides the empirical analysis, which is detailed in Section 5. Section 6

concludes and discusses policy implications.

2 Institutional Background

Since the Household Responsibility System (HRS) was introduced in the early 1980s, rural

households were granted use rights and residual income rights over land. Despite this reform,

land remained under collective ownership at the village level rather than being privatized. Village

authorities allocated land according to egalitarian principles, with distribution tied to formal

village membership through the hukou or household registration system.5 This approach resulted

in relatively equal per capita landholdings among households within each village.

Under the initial framework, households received land use rights for 15-year periods.

However, the system remained unstable through the late 1990s, as local officials frequently

conducted village-wide land reallocations to adjust for demographic shifts such as births,

deaths, and migration (Benjamin & Brandt, 2002). The security of land tenure faced

additional threats from state expropriation for non-agricultural development projects,

including infrastructure construction, urban expansion, and industrial development. When

land is expropriated for such projects, land rights become especially valuable as they determine

eligibility for compensation, regardless of whether the land was actively used for agricultural

production. In the absence of legal protection, village residents may fear that leaving the

village for any reason could threaten their rights to this compensation should expropriation

occur.

A series of reforms to land policy in China beginning in the late 1990s helped strengthen

household property rights but did not privatize farmland. In 1998, the Land Management Law

extended the use rights of rural households to 30 years. In 2003, the RLCL was introduced to

further strengthen the security of land use rights. The law protected farmers’ rights to their

land through the 30-year contract period, prohibited village-wide land reallocations, and granted
5The hukou system was established in the 1950s to control migration between the countryside and the

cities. The system assigns each individual either agricultural (rural) or nonagricultural (urban) hukou status
within a specific locality—whether village, town, or city—thereby determining their legal residence, employment
opportunities, and access to local public services. Rural-to-urban migration and nonagricultural employment in
rural areas were highly restrictively until the early 1980s alongside broader economic reforms. Despite relaxing
such restrictions, land rights remained tightly linked to agricultural hukou status, while rural migrants continued
to be restricted in accessing local public services in urban areas.
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farmers legal rights for leasing out agricultural land. Only when the whole household moves to

a city and obtain urban hukou there, the village has the right to take the contracted land back.

As discussed by Chari et al. (2021), the implementation of the central law has been delegated

to the provincial-level governments. Following many other market reforms that started after

1978, the central government issued general guidelines on the priorities, and local governments

were encouraged to implement and to experiment within the guidelines (Xu, 2011). This allows

provinces to implement the law at different points in time and to add regulations within the scope

of the central law. For example, while the central law only stated that the contracted land cannot

be reclaimed by the issuing party during the contract period, province-level implementation

might add regulations for specific cases where land rights might be subject to uncertainty, such

as temporary migration or marriage.

To illustrate the scope of provincial-level changes, we discuss a few articles from Yunnan

province’s implementation of the RLCL in 2006. Article 15 states that during the contract

period, land cannot be taken back from a household due to changes in the status of its members

in the following cases: 1) A family member goes to college, works outside of the village, or

joins the military; 2) A person gets married and moves into the spouse’s household but has not

received new contracted land at the new residence; 3) A woman divorces or becomes widowed

and either stays in the original village or has not received new land in the new place of residence.6

In addition, Articles 18 to 29 outline rules for leasing, transferring leases, and how to address

land leasing disputes.

The RLCL is the first law that provides a basis for legal disputes regarding the uncertainty

of land rights for those who migrate. In 2005, for example, a graduate student from Jiangxi sued

his village committee after being denied land compensation due to having transferred his hukou

to his university.7 The court ultimately ruled in his favor on appeal, affirming that leaving the

village for education does not strip a person of their collective land rights, especially when they

remain dependent on village land income. In another case in 2019, a rural-to-urban migrant in

Shandong sued the village committee for illegally reclaiming and reallocating his land without

consent during the 30-year contract period after he had transferred his hukou to work in the

city in 2003.8 The court ruled in the worker’s favor, ordering the village to return the land

and compensate him 60,000 yuan, affirming that under the RLCL, land contract rights remain
6Under existing rural land allocation practices, married women typically lose their land rights in their birth

village upon marriage, with entitlements often transferring to their husband’s family.
7https://zqb.cyol.com/content/2007-01/13/content_1641621.htm
8https://thepaper.cn/newsDetail_forward_25862181
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protected despite hukou relocation for urban employment. Such cases highlight that migration

for education or urban employment might be costly when land rights are insecure, but the RLCL

provided legal basis for protecting these rights and reduced the opportunity cost of migration.

Following Chari et al. (2021), we extend the database of the dates of the provincial-level

implementation of the RLCL as the relevant time at which the law became effective locally. By

the end of 2014, 23 provincial governments had made official announcements about the local

implementation of RLCL (as shown in Table A1).

3 Data

We link the timing of policy rollout in each province to two key data sources: (1) a 1 percent

random subsample of the 2015 Population Survey (the “mini-census”) and (2) the National Fixed

Point Survey (NFP), a household panel initiated by the Chinese Ministry of Agriculture in 1986.

3.1 2015 Population Survey

We use a random subsample of the representative 1% Population Survey in 2015 (often called the

mini-census), collected by the National Bureau of Statistics and containing 2,000,563 individuals.

Similar to the earlier population survey conducted in 2005, the 2015 mini-census covers the

entire population at their current residence, regardless of whether they hold local household

registration (hukou). The mini-census provides information on year and month of birth, gender,

education, employment status, occupation, area code of current residence, and area code of hukou

place. The area code allows us to identify the province, prefecture, and county information of

a community, which is the smallest administrative unit. We can also identify whether the

community is a village or an urban community. The 2015 mini-census contains no information

on whether an individual holds an urban or rural hukou. To approximate the rural population,

we proceed in three steps. First, we exclude Beijing and Shanghai municipalities, which are fully

urbanized. Second, we drop county-level administrative units designated as urban districts (qu).

Finally, following the official urban–rural classification of the National Bureau of Statistics,9

we retain only individuals whose hukou is registered in areas coded as villages, rural centers,

town–village junctions, or urban–rural junctions.

We use the mini-census to construct the sample for our main analysis, where we examine

the effects of the RLCL on education and labor market outcomes. Using information on
9https://www.stats.gov.cn/zs/tjws/tjbz/202301/t20230101_1903381.html
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educational attainment, we generate dummy variables for ever attending high school and ever

attending college. For labor market outcomes, we construct four variables. The first is whether

the individual is currently employed. The second is whether the individual holds a rural

low-skill job, including farming and low-skill construction.10 The third variable is whether an

individual is employed in a high-skill occupation, defined to include government and party

officials, professional and technical personnel (e.g., researchers, engineers, healthcare workers,

finance specialists, lawyers, teachers), and service workers in information technology, finance,

real estate, technical support, utilities, and healthcare.11 Finally, because the mini-census does

not report income, we predict individual income in 2020 by training a supervised model on

data from the 2020 China Family Panel Studies (CFPS)—a large, nationally representative

survey—and applying it to the mini-census data.12

Summary statistics for the main variables are presented in Table A2. Our sample includes

individuals (98,581 males and 92,303 females) who turned age 15 between 2000 and 2010. From

2003 to 2010, 21 provinces implemented the RLCL at the local level. Individuals in China

typically make high school enrollment decisions at age 15 and college enrollment decisions at

age 18. The youngest cohort in our sample was already 20 years old in 2015, allowing us

to observe their high school and college enrollment decisions. When analyzing labor market

outcomes, we further exclude individuals who were not yet 23 years old in 2015, ensuring that

we do not capture effects from delayed entry into the labor market due to college education,

which is usually finished at age 23.

3.2 National Fixed Point Survey

Our analyses are supplemented using the National Fixed Point Survey (NFP), which is a

nationally representative panel with rich information on agricultural activities (Chari et al.,
10We classify construction as rural low-skill employment because examining only farming would miss temporary

rural workers who maintain agricultural production during peak seasons rather than leaving agriculture
completely. Among occupations available to temporary migrants, construction is the least skill-intensive and
offers the greatest flexibility for workers to maintain agricultural activities. Unlike manufacturing jobs with rigid
production schedules or service positions requiring continuous attendance, construction work’s project-based
nature allows extended agricultural leave. Data from the 2010 China Family Panel Studies show that 58.4% of
construction jobs are in rural areas and 87.3% are held by agricultural hukou holders (see Table A3). This dual
engagement makes construction work institutionally and economically closer to agricultural production than to
other urban employment sectors.

11To classify high-skill occupations, we use a separate sample of individuals born between 1971 and 1985 to
calculate the share of college graduates by occupation. We define occupations with at least 25% college graduates
as high-skill. This data-driven approach aligns closely with the conventional set of white-collar, professional jobs.

12Specifically, we estimate gender-specific regressions of log income on occupation, region, education, and age
(with interactions and nonlinear terms selected via cross-validation) using employed individuals aged 20–45 in
CFPS 2020 (N = 6,217).
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2021). The NFP comprises three components: a village-level survey, a household-level survey,

and an individual-level survey. The village questionnaire is completed by local officials and

provides information on the local socio-economic environment. Households were randomly

sampled within each village, and detailed information was collected for each household

member. The household survey includes data on agricultural activities, income, and family

background, while the individual survey captures demographic and other characteristics of

household members.

Our analysis draws on the annual household data waves from 2000 to 2013, as participation

rates at the household level dropped substantially after 2013. During this period, the dataset

includes over 20,000 households across 417 villages in 31 provinces. For individual-level analysis,

we focus on data collected in 2013 due to significant attrition in later years. We also use village-

level data for the period 2000–2013 to match the coverage of the household and individual

samples. Households that did not cultivate any land prior to the start of the land reform are

excluded from our analysis, as they are unlikely to have been affected by the reform.

Summary statistics for the main variables are presented in Table A4. Panel A reports key

variables at the household-year level. On average, households cultivate approximately 15.96 mu

of land. The average annual income is 27844, measured in real 2002 Renminbi. Land rental

activity is defined as whether a household rented in or rented out agricultural land in a given

year. Panel B presents key variables at the village-year level, including total population, non-

agricultural share, and migration. Panel C reports variables at the individual level, including

gender, birth year, and educational levels.

4 A Model of Occupation Choice

To study how insecure land rights distort educational investments and talent allocation, we build

a simple partial equilibrium Roy (1951) model with endogenous education to guide our analysis.

In this model, there are two occupations - farming in the rural area and manufacturing in the

urban area - that an individual from family i and generation g can choose between. Occupations

require occupation-specific skills for workers to be productive. Individuals are endowed with a

bivariate skill vector (zgF (i), z
g
M (i)), where zgk(i) ∈ (0, 1) is the productivity of the individual i of

generation g in occupation k. Each generation consists of a unit mass of individuals distributed

across ZF × ZM .

Individuals live for two periods. In the first period, individuals from generation g (the
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younger generation) are born as children of parents from generation g−1 (the older generation).

After the ability is known, they make a binary educational choice h ∈ {0, 1} at cost c.13 In

the second period, they are parents and inelastically supply one unit of labor to market work in

their chosen occupation, conditional on their education choices made in the first period. This

implies that, within a given period, only one generation is actively participating in the labor

market. Therefore, we abstract away from the within-household labor allocation, which is a

focus in some other related studies (Adamopoulos et al., 2024; Chen et al., 2025).

If individual i chooses to be a farmer, she decides how much land to rent in or out, ℓrent(i) >

−ℓ̄(i), where ℓ̄(i) is her endowment. These choices, however, are subject to the land insecurity

risk that farming families face when renting out land. Due to land rights insecurity, individuals

that rent out land face an exogenous probability η ∈ [0, 1] of losing the rented-out land, in which

case there is a individual-specific income loss φ(i) > 0 per unit of rented-out land. Heterogeneity

in φ(i) across individuals reflects differences in the value attached to land, arising from observable

and unobservable characteristics of the land and the farming household (Adamopoulos et al.,

2022). The equilibrium rental price, q(η), increases with risk parameter η: when the probability

of land loss is higher, those renting out land demand a higher rental price.14

The profit maximization problem for farmer i is then given by

IgF (i) = max
ℓrent

{
pazF (i)[ℓ̄(i) + ℓrent]θ − q(η) · ℓrent + ηφ(i)ℓrentI(ℓrent < 0)

}

where pa > 0 is the price of agricultural products and θ ∈ (0, 1] captures the importance of land

relative to labor in agricultural production.

The individual i who chooses not to participate in agricultural production will rent out all the

land and work in the manufacturing sector.15 The wage income is given by wMz
g
M (i)(1+ τh(i)),

where wM is the wage in the manufacturing sector and τ > 0 captures the complementarity
13Intuitively, h = 0 corresponds to completing only compulsory education, while h = 1 indicates progression

to high school and possibly college. In our sample, more than 90% of individuals complete compulsory education
while less than 40% attend high school; thus, the key margin of educational choice is high school attendance.

14This structure ensures that land insecurity affects all participants in the land market, not only those who
rent out land, within a partial equilibrium framework. In a full equilibrium model, the rental price would be
endogenously determined by market-clearing conditions.

15The risk is still there, even if the land is not rented out, as long as he pursues a career in the manufacturing
sector. Therefore, the optimal choice is to rent the land out in this simplified setting.
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between education and non-agricultural producition.16 The total income is

IgM (i) = wMz
g
M (i)(1 + τh(i)) + q(η)ℓ̄(i)− ch(i),

where c is the cost of education.

Individuals make their educational choice h ∈ (0, 1), occupational choice k ∈ {F,M}, and

land rental decision ℓrent(i) that maximizes their total income in adulthood.

Ig(i) = max
h(i),lrent(i),k(i)

{
IgF (i), I

g
M (i)

}
The education decision is time-sensitive and can be made only in the first period. Land rental

and occupational choices can be adjusted in both periods; however, land is actually used and

labor supplied only in the second period. Consequently, a change in land insecurity η affects the

younger generation g and the older generation g − 1 differently, as only the younger generation

can adjust their education in response. We obtain the following comparative statics.

Result 1. A reduction in η (i.e., improved land security) increases income and urban migration

for current workforce who already complete education. In particular:

• A reduction in η increases income, i.e., ∂Ig−1

∂η ≤ 0, with strict inequality when ℓrent(i) does

not remain zero throughout.

• A reduction in η increases the share of individuals working in urban manufacturing, i.e.,
∂Prg−1(M)

∂η < 0.

See Appendix B for the proof of this result.

When land security improves (i.e., η falls), individuals face a lower risk of losing their land

if they exit farming, which raises the attractiveness of migrating to urban manufacturing jobs.

Households that switch from agriculture to non-agricultural work see income gains, while those

remaining in agriculture may also benefit through lower land rental prices. However, for the first

generation, additional schooling is no longer feasible, so their opportunities in non-agricultural

occupations remain relatively limited.

16Empirical evidence indicates that schooling has only limited effects on agricultural output beyond basic
education in developing countries (Reimers & Klasen, 2013), and census data show that only 7% of farmers in
China have completed high school, the lowest rate across occupations. Accordingly, we treat education beyond
compulsory schooling as augmenting productivity exclusively in non-agricultural work.
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Result 2. The younger generation is more sensitive to improvements in land security (i.e., a

reduction in η) than the older generation. In particular:

• A given reduction in η generates an increase in the share of educated individuals among

the younger generation, i.e., ∂Prg(h=1)
∂η < 0.

• A given reduction in η produces a greater increase in the share of individuals working in

urban manufacturing among the younger generation, i.e., ∂Prg(M)
∂η < ∂Prg−1(M)

∂η .

See Appendix B for the proof of this result.

Land insecurity affects not only the occupational choices of the current workforce but also

those of the younger generation entering the labor market in the next period. Intuitively, when

land becomes more secure (lower η), the younger generation anticipate higher returns to non-

agricultural work and, in response, invest more in education that complements non-agricultural

productivity. As a result, improvements in land security have stronger effects for the younger

generation, who experience larger gains in schooling and in transitions to manufacturing work

with education than the current workforce.

This framework highlights two distinct types of switchers who respond to improved land

security: (A) security-only switchers, who move out of agriculture solely because land security

improves, even if their education remains fixed; and (B) education-enabled switchers, who move to

manufacturing only if they are young enough to increase their schooling first.17 Intuitively, after

land security improves, security-only switchers find manufacturing attractive with or without

additional education, whereas education-enabled switchers find it attractive only once they can

invest in schooling. Because the older generation’s education is predetermined at the time of the

reform, their educational response is zero, and their occupational response operates only through

channel (A). In contrast, the younger generation can adjust schooling post-reform and therefore

respond through both channels (A) and (B). Comparing these two groups allows us to identify

the reform’s effect on education for both, but its effect on occupational shifts only for group

(B). This distinction provides the theoretical foundation for our empirical design in Section 5.2,

which compares older and younger cohorts that differ in their ability to adjust education in

response to improved land security.

Result 3. The younger individuals with lower agricultural productivity are more sensitive to

improvements in land security (i.e., a reduction in η) than those with higher agricultural
17Appendix B.2.3 provides a formal characterization of these two types of switchers.
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productivity. In particular:

• A given reduction in η induces a larger increase in the probability of educational attainment

when the individual’s agricultural productivity zgF (i) is lower, i.e.,

∂2Prg(h = 1|zgF (i))
∂η ∂zgF (i)

> 0

See Appendix B for the proof of this result.

Result 3 highlights how the effects of improved land security vary by individuals’ comparative

advantage. Individuals with low agricultural productivity are more sensitive to land security

improvements because they have a weaker comparative advantage in farming and are more likely

to be at the margin between manufacturing and farming. Small improvements in land security

can tip them toward manufacturing, where education becomes valuable. High-agricultural-

productivity individuals have stronger reasons to remain in farming regardless of moderate

improvements in land security. For individuals switching from farming to manufacturing, those

with relatively high zgM (i) are more likely to choose education. This reflects how land insecurity

previously constrained mobility for those better suited to urban high-skill occupations.

5 The Impact of the RLCL on Current and Future Workforce

The empirical work below proceed three steps, testing each of the results outlined in the previous

section. First, using NFP data, we estimate the policy’s impact on the current workforce directly

exposed and confirm consistency with prior studies. Second, using the 2015 mini-Census, we test

whether the policy shifts educational attainment and occupational choices more for the future

workforce, who are still flexible in adjusting their education, as compared to the current one.

Finally, we draw on NFP data to assess the heterogeneous effects of RLCL across households

with different agricultural productivity.

5.1 Effects on current workforce

We start with the causal impact of the RLCL reform on outcomes of the current workforce by

exploiting its staggered roll-out across provinces. In doing so, we build on the framework of

Chari et al. (2021), who focused on land-renting activity, but extend their two-way fixed-effects

estimator with recent advances in difference-in-differences methodology (ETWFE, Wooldridge,

2021). This estimator avoids comparisons with already-treated units by saturating the model
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with fixed effects for all possible combinations of treatment groups (as defined by the timing

of treatment) and year, thereby estimating separate average treatment effects on the treated

(ATTs) for each group-year combination. Formally, we estimate the following equation for each

household h in province p and in year t:

Yhtp =
∑
g∈G

g−1∑
s=s0

θpregs Dhgs +
∑
g∈G

T∑
s=g

θpostgs Dhgs + ψh + ϕt + εhtp, (1)

where Yhtp is the outcome of household h in year t and registered in province p. Dhgs is a dummy

that takes the value of 1 if the observation is in the treatment group g and 0 if otherwise. G

is a set that indicates when the reform started in the province. ψh and ϕt are household and

year fixed effects, respectively.18 θpostgs represents the average treatment effect that households

in treatment group g experience in year s ∈ {g, T}, which is after the RLCL was implemented

(ATT(gs)). We use provinces that have never implemented the RLCL by 2015 (the never-treated

group) as the control group, which allows us to estimate θpregs , that is, the pre-treatment effects

for individuals in the treatment group g before the RLCL was implemented.

The coefficient θpostgs captures the group-year specific average treatment effect (ATT): it

measures the change in outcome (Yhpc), such as income and occupation, in years s while the

RLCL reform was implemented in year g. For example, δ04,04 captures the treatment effect of

households in 2004 in Hunan province, where the RLCL was implemented in 2004; δ04,05 captures

the effect for households, also in Hunan, but in 2005. It is identified by comparing the trends in

outcomes of individuals of group g with the trends in outcomes of individuals in never-treated

provinces over the same years. Identification of θpostgs hinges on two assumptions. First, the no

anticipation assumption requires that there is no effect of treatment prior to the RLCL. This

implies that, on average and conditional on fixed effects, potential outcomes prior to treatment

are the same. Second, the conditional common trends assumption requires that in the absence

of treatment, there would be no differential time trends in outcome between already-treated

households and never-treated controls, after conditioning on unit- and time-invariant covariates.

To look at pre-reform and post-reform trends, we aggregate θpregs and θpostgs by event time and

simple RLCL level.19 We examine three key outcomes—land rental activity, household income,

and village-level share of non-farming households—and observe that the event-study patterns are

strikingly similar across all three panels of Figure 1. We observe a shift in both the magnitude and
18Given the unbalanced panel structure of our data, we explicitly include household fixed effects, which is

identical to the “chained difference-in-differences” framework proposed by Bellégo et al. (2025).
19See Section C.2 in Appendix C for a technical description of how the estimates are aggregated.
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(a) Any land rental activity (b) Household income (log)

(c) Village-level non-farming share

Figure 1: Effects of the RLCL on the first generation
Note: Panels (a) and (b) present the estimated effects of the RLCL on household-level rental activity and
income, based on equation (1) estimated at the household level. The outcome variables are defined as an
indicator for whether a household engaged in any rental activity in a given year, and the log of annual
income, respectively. Panel (c) reports the estimated effects of the RLCL on village-level non-farming
household share, based on equation (1) estimated at the village level. The outcome variable is defined as
the share of non-farming households in total village households in a given year.

significance of the coefficients after the implementation of the reform. The pattern of increasing

effect sizes supports the idea that land security improves after the implementation of the RLCL.

Furthermore, there are no significant trends in the outcome before the implementation.

In Panel (a), we first reproduce Figure 2 in Chari et al. (2021), confirming their original

results. More critically, however, it remains unclear whether the reform led to an increase in

overall household income. To address this gap, we exploit household-level income information

in our NFP dataset. Panel (b) presents an event study of total income, showing a sustained

increase of just over 3 percent beginning in the second year post-reform. Notably, the estimated

average treatment effect on income closely mirrors that on rental activity.

Because income sources are measured with substantial error, we do not disaggregate effects

by source; we leave this valuable exercise for future work. Conceptually, gains in total income

can arise from both agricultural and non-agricultural activities. High-productivity households
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tend to rent in land to expand cultivated acreage, raising farm earnings. By contrast, lower-

productivity households often rent out land and shift into non-agricultural employment; for

them, higher rental income together with increased urban wages drives the observed rise in total

household income.

The theoretical framework in Section 4 implies that land reform should affect the first

generation’s occupational choices. The ideal test would estimate equation (1) using an

individual panel with detailed occupation histories, but the NFP data lack the necessary

granularity. We therefore turn to village-level proxy measured by the share of households

engaged only in non-agricultural production. Panel (c) of Figure 1 report the corresponding

event-study estimates. Consistent with the household-level results, the village-level measure

shows a pronounced reallocation of labor out of farming and into non-farm employment.

Following Chari et al. (2021), we also carry out a series of robustness checks, such as

controlling for the agricultural tax reform in 2004 and using only the balanced samples. The

results can be found in Table A5. Overall, we observe an increase in rental activities,

household income, and non-agricultural employment showing the real impact of the land

reform on the first generation.

5.2 Effects on the young vs the old

Our primary objective is to identify the impact of the land reform (RLCL) on younger cohorts,

who could adjust their educational investments in response to improved land security,

compared with older cohorts whose education was already fixed at the time of the reform. This

comparison allows us to isolate the effects of improved land security operating through

educational adjustment.

5.2.1 Identification

Our identification strategy builds directly on the model’s key prediction in Section 4: the RLCL

should affect education and occupational choices more strongly among individuals still able

to adjust their schooling decisions. Specifically, if educational attainment complements non-

agricultural productivity, the reform should induce more labor reallocation among the younger

cohorts through increasing their education. In contrast, older cohorts face high costs of returning

to school and can respond to the reform only through occupational reallocation conditional on

their fixed education. As discussed in Result 2, the model distinguishes two groups affected
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by land security improvements: (A) security-only switchers, who move out of agriculture when

tenure security improves even without additional schooling, and (B) education-enabled switchers,

who do so only if they can first increase their education. Comparing the young versus the old

cohorts allowing us to identify the reform’s effect on education for both types and its occupational

impact only for type B.20

We use the age when RLCL was implemented to separate the younger and older cohorts.

China mandates nine years of schooling (six years of primary and three years of middle school),

and compliance is high. Children typically start primary school at age six, so the high school

enrollment decision is made around age 15 (with some variation). Progression to high school

generally requires passing an entrance exam and incurring tuition and foregone earnings.

Importantly, the high school decision serves as the first gateway to both college and skilled

employment. The standalone return to high school is modest, but its value lies in preserving

the option to attend college, to which the returns are substantially higher (Li et al., 2012).

Consequently, individuals who have already passed age 15 have largely fixed their educational

trajectories: they have either chosen to continue toward college or exited the academic track,

with limited opportunity to reverse that choice later in life. The age-15 cutoff therefore

represents a salient, forward-looking margin through which the RLCL could shift incentives by

raising expected returns to continued schooling and access to the college entrance exam.

Formally, we estimate a birth-cohort-based ETWFE model that leverages the age-15

threshold. We re-index “time” by birth-cohort—defined in Equation (1) as the year an

individual turns 15—and assign provinces to treatment groups by their RLCL adoption year.21

Similar to Equation (1), the specification saturates group-by-event-time indicators and

includes province and birth-cohort fixed effects to accommodate staggered rollout.

Identification comes from comparing adjacent birth-cohorts within provinces that adopt RLCL

at different times to the corresponding cohort differences in never-treated provinces. In

practice, we compare individuals who were younger than 15 at adoption with those just older,

across early- and late-adopting provinces, to recover long-run effects on occupational outcomes

operating through educational adjustments.
20Although our theoretical model abstracts to binary educational and occupational choices, the same

identification logic applies in richer settings with multiple non-agricultural occupations that vary in their
complementarity with education.

21In China, the school year begins in September, and only children who turn seven before September of that
year may enroll in primary school. Accordingly, we define a birth cohort as individuals born between September
of year t and August of year t+1, who reach age 15 during school year t. The implementation timing of the
RLCL is adjusted on the same basis to ensure that treatment status aligns with the schooling calendar relevant
for the high school enrollment decision.
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The model estimates separate average treatment effects on the treated (ATTs) for each

group-cohort combination and is written as follows:

Yicp =
∑
g∈G

g−1∑
s=s0

θpregs Dgs +
∑
g∈G

C∑
s=g

θpostgs Dgs + ξp + ϕc + εicp, (2)

where Yicp is the long-term outcome of individual i who turned 15 in year t and registered in

province p. Digs is a dummy that takes the value of 1 if the observation is in the treatment

group g and turned 15 in year s and 0 if otherwise. G is a set that indicates at what time the

reform started in the province. ξp and ϕc are province and cohort fixed effects, respectively.

θpostgs represents average treatment effect that individuals in treatment group g experiences if

turning 15 in year s after the RLCL was implemented (ATT(gs)). We use provinces that have

never implemented the RLCL by 2015 (never treated group) at the control group, which allows

us to estimate θpregs , that is, the pre-treatment effects for individuals in the treatment group g

who turn 15 before the RLCL was implemented.

In this cohort-based ETWFE framework, identification of θpostgs hinges on no anticipation

and common cohort trends assumptions. The no anticipation assumption requires that there is

no effect of treatment for individuals who turn 15 before the RLCL. This implies that, on

average and conditional on fixed effects, potential outcomes are the same for older cohorts

before and after RLCL. Second, the conditional common trends assumption requires that in

the absence of treatment, there would be no differential cohort trends in outcome between

already-treated provinces and never-treated provinces, after conditioning on province- and

cohort-invariant covariates. Our event study estimates for pre-treatment cohorts provide

evidence in support of these assumptions. At the end of this section, we conduct several

robustness checks to further support our identification strategy.

The coefficient θpostgs is the group–cohort average treatment effect on the treated (ATT).

It captures the causal change in outcome Yipc (e.g., educational and occupational choices) for

individuals who turn 15 in cohort s in provinces that implemented RLCL in year g, relative to

the counterfactual without reform. For example, θpost04,04 is the effect for individuals who turned 15

in 2004 in Hunan (RLCL adopted in 2004), whereas θpost04,05 is the effect for Hunan individuals who

turned 15 in 2005. Identification comes from comparing cohort-to-cohort changes in outcomes

within provinces with adoption year g to the corresponding cohort changes in never-treated

provinces over the same years. Similarly, we aggregate θpregs and θpostgs by event time to look at

pre-reform and post-reform trends or understand the magnitude of the impact.
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Upon marriage, women often lose their land use rights in their birth village but gain new

rights in their husband’s village. Land contracts are issued at the household level and signed

by the household head, and daughters who marry out are no longer part of their natal

household contract (Sargeson, 2012). The RLCL only guarantees that divorced or widowed

women who return to their birth villages are entitled to land there. This institutional setup

means that land insecurity imposes different mobility constraints by gender: while sons risk

losing valuable land rights when they migrate or pursue non-agricultural careers, daughters

face fewer such constraints since their future land access depends primarily on marriage rather

than maintaining ties to their natal village. Due to these gender differences in how land rights

security affect mobility decisions, we conduct our analysis of educational outcomes separately

by gender throughout.

5.2.2 Impact on education and occupational choices

In Figure 2, we present the event study estimates calculated using equation (2) for all six

outcomes, for males and females separately. The first two outcomes focus on education choices.

The last four outcomes focus on their occupation choices, where we further restrict the sample

to individuals who turn 15 in or before 2007 to observe their post-education outcomes (at least

23 in 2015). Due to this restriction, the sample size was reduced to 76,610 (71,704) from 98,581

(92,303) for males (females), among which 66,851 (49,555) were working at the time of the

survey. Due to the same reason, we are unable to report the post-treatment effects for event

times larger than three.

Estimates for positive event times are post-treatment effects, while estimates for negative

event times are pre-treatment effects. Four points are worth noting. First, for children who were

already 15 when the RLCL was implemented, the cohort trends in all six outcomes are similar in

the treated and never-treated provinces. Such parallel pre-treatment trends provide support for

the identification assumption of the ETWFE estimator. Second, for males, effect sizes generally

rise with event time — except for the outcome variable “currently working” — which is consistent

with education and occupational choices adjusting to improved land security after the RLCL.

Cohorts who turned 15 in the implementation year show smaller effects, likely because they had

less time to respond.22 Third, we find no effects for females. This is potentially because upon

marriage, women often lose their land use rights from their birth village but receive new land use
22The pattern of increasing effect sizes also renders TWFE estimates markedly downward biased; see Table A6

in Appendix A.
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(a) High school enrollment (b) College enrollment

(c) Currently working (d) Rural low-skill (conditional)

(e) Urban high-skill (conditional) (f) Log income (predicted)

Figure 2: Effects of the RLCL on the younger generation
Note: Figure 2 reports the effects of the RLCL on the outcomes of younger generation, based on the
equation (2) for both genders. The sample includes individuals who turned age 15 between 2000 and 2010
and whose hukou is registered in a village. Panels (a) and (b) report the effects on high school and college
enrollment, respectively. Panels (c)–(f) present the effects on labor market outcomes. Currently working is
defined as whether an individual was employed in 2015. Rural low-skilled is defined as whether an individual
is employed in farming or construction, while urban high-skilled refers to being employed in high-skilled
occupations as defined in Section 3.1. Income is measured using predictions from the 2020 CFPS data.

rights from their husband’s village. Hence, land use rights when young matter less for women’s

education and occupation outcomes.

The aggregated ATT estimates reported in columns 1 and 2 of Table 1 indicate that being

exposed to the RLCL at or before 15 raises the probability of high school and college enrollment
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by 0.03. The effects are large, representing 8% of the mean for high school enrollment, 18% of

the mean for college enrollment. The similar magnitude of effects across high school and college

enrollment is particularly revealing. Given that college admission in China is highly competitive

and constrained by quotas, only high-ability students can successfully enter college. The returns

to college are also substantially higher than the returns to high school only (Li et al., 2012).

The fact that exposure to the RLCL at age 15 increases high school and college enrollment by

similar amounts suggests that the affected students are not those who would achieve marginally

more education than middle school due to the RLCL. Rather, they are high-ability rural children

who would have succeeded academically if given the opportunity. These are students with high

returns to education who, absent the RLCL’s protections, would have been forced to forgo their

educational potential to remain near family land, representing a significant misallocation of

talent.

Table 1: Effects of the RLCL on education and labor market outcomes

Education Labor Market

(1) (2) (3) (4) (5) (6)
High school College Currently Rural Urban Log income

working low-skill high-skill (predicted)

Panel A. Males
RLCL at age 15 0.029*** 0.030*** -0.002 -0.022** 0.013*** 0.011*

(0.009) (0.010) (0.010) (0.009) (0.005) (0.006)
Mean dep var 0.403 0.170 0.873 0.364 0.125 10.522
Number of clusters 29 29 29 29 29 29
Observations 98581 98581 76610 66851 66851 66851

Panel B. Females
RLCL at age 15 0.003 0.014 -0.016* 0.003 -0.002 0.007

(0.009) (0.009) (0.008) (0.009) (0.008) (0.007)
Mean dep var 0.382 0.178 0.691 0.344 0.152 9.994
Number of clusters 29 29 29 29 29 29
Observations 92303 92303 71704 49555 49555 49555

Note: Table 1 reports the effects of the RLCL on education and labor market outcomes corresponding to Figure 2,
based on the equation (2). The sample includes individuals who turned age 15 between 2000 and 2010 and whose
hukou is registered in a village. Columns (1) and (2) report the effects on high school and college enrollment,
respectively. Columns (3)–(6) present the effects on labor market outcomes. Currently working is defined as
whether an individual was employed in 2015. Rural low-skilled is defined as whether an individual is employed in
farming or construction, while urban high-skilled refers to being employed in high-skilled occupations as defined
in Section 3.1. Income is measured using predictions from the 2020 CFPS data. Panel A reports the results
for males. Panel B reports the results for females. * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors in
parentheses clustered at the province level.

Columns 3-6 of Table 1 show the effects of RLCL at age 15 on occupational outcomes and

income.23 As we explain in Section 4, comparing occupations across two generations detects
23Our results on education are robust when looking at the same sample as the one used for labor market

outcomes, as shown in Table A7.
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changes for education-enabled switchers (group (B)), themselves a subset of education compliers

(group (A) and (B)). Consistent with this, we find a smaller effect on occupational choice.

Among cohorts who turned 15 before the RLCL, the probability of entering a rural low-skill

occupation, which include farming and construction jobs, falls by 2 percentage points (6% of the

mean), about two-thirds the size of the effect on education, in line with the model’s prediction.

We also observe that the probability of entering high-skill occupations rises by 1 percentage point

(10% of the mean), and income increases by 1%. These results confirm that education-enabled

switchers leaving low-skill rural employment are not simply moving to other low-skill positions

but are accessing high-skill jobs that better match their abilities.

5.2.3 Robustness checks

In this section, we conduct two additional robustness checks that provide further support for

the identification assumptions. In addition, we conduct a test on potential sample selection due

to hukou relocation.

Validation of using age 15—We tested the validity of using age 15 as the exposure age in

the analysis. The identification assumption is that age 15 is the cutoff for children to adjust

their educational choice since this is the age at which they must decide whether to enroll in

high school. Thus, age 15 is defined as the exposure age in the main specification. Exposures

at other ages risk misclassification and may lead to biased estimates. In particular, for ages

older than 15, children are less likely to adjust their education compared to the scenario when

they were at age 15, for several reasons, for example, they are less likely to still be enrolled

in school, less likely to return to school, and face higher adjustment costs. At younger ages

than 15, children are still subject to compulsory schooling, which restricts their ability to adjust

educational choices. Hence, using a higher exposure age would incorrectly assign treatment

status to province–cohorts that were not actually treated, thereby attenuating the estimated

effect. Likewise, using a younger exposure age would exclude children who were in fact treated

from the treatment group while incorrectly including them in the control group. In both cases,

the misclassification leads to biased estimates. To test this hypothesis, we replicate the main

regression analysis in equation (2) using hypothetical exposure ages ranging from 15 to 18. Table

A8 shows the estimated results for the boys sample. The estimates show that the largest positive

effects on educational outcomes occur at ages 15, while exposures at older ages greatly attenuate

the effects. For labor market outcomes, the strongest effects appear at age 15 (and age 16 only
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for the effect on urban high skill), whereas exposures at other ages either weaken the effect or

even reverse its sign as the estimations misclassify the treatment status.

Control for agricultural tax reform—One common threat to difference-in-differences

estimation is the presence of other reforms during a similar period that may also affect the

outcomes. During the implementation of the RLCL, all provinces began phasing out the

agricultural tax starting in 2004. As a robustness check, we control for the agricultural taxes

(Taxps) in provinces at the year when children turned 15 years old. The results are reported in

Table A9. Our main estimates from the cohort difference-in-differences model are robust to

including the tax rate.24

Placebo on the urban sample—First, we conduct a placebo test using the urban sample,

constructed in the same way as our main sample but including only residents who live in cities

or towns. This allows us to test whether there are any other province-level policy changes that

might have changed the cohort trends in the outcomes of interest. The ATT effects on the urban

sample are shown in Table A10, where we find no such evidence. As expected, the RLCL reform

has no effect on any outcomes for urban residents.

Hukou relocation—Our analysis sample is defined based on where one’s hukou is registered.

However, the RLCL may also affect hukou relocation, especially if the RLCL allows individuals

to maintain their land rights even when relocating their hukou registration for study or work.

To test this possibility, we use the whole sample of individuals from the relevant cohorts and

test whether the RLCL changes the probability of having a village hukou. Figure A1 presents

the event study plots by gender. We find that relative to being exposed to the RLCL at age 16,

early exposure does not affect the probability of having a village hukou. However, we find some

evidence that exposure to the RLCL at age 16 induced some village hukou holders, especially

males, to relocate their hukou to urban areas. Therefore, our main estimates fail to capture the

effects of the RLCL on this group of people, who both migrate and change their hukou status.

Changing one’s hukou from a village to a city or town usually requires the person to have access

to college education or a high-skill urban employment, suggesting that these people should have

even higher potential for education, migration, and high-skill employment. If this is the case,

our results should provide a lower bound for the true effects of the RLCL.

Results using the NFP data—We use the NFP data for analyzing the effects on household-

level outcomes, as well as heterogeneity by agricultural productivity in the next section. To verify
24Table A5 shows the results after controlling for tax reform in our household and village penal regressions.

The results are robust to controlling for agricultural taxes.
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that the NFP sample is representative of the census sample, we replicate the main analysis using

the NFP sample. As shown in Figure A2, we find very similar results for educational outcomes,

except that the estimates are larger in magnitude. We also find some effects on girls’ high school

enrollment, but no effect on college enrollment.

5.3 Heterogeneity by comparative advantage

An important implication of our simple model is that enhancing land-tenure security will have

heterogeneous effects across a range of outcomes—namely, first-generation occupational

choices, educational attainment, and second-generation occupational choices—depending on

households’ comparative advantage in agricultural versus non-agricultural activities. This

prediction contrasts with alternative explanations, such as the notion that land reform merely

raises household income, which in turn boosts education levels among the younger cohorts.

5.3.1 Measure of comparative advantage

To test the above prediction, we draw on the NFP dataset to construct each family’s pre-reform

agricultural productivity—measured by the marginal product of land (MPL)—and use it as a

proxy for their comparative advantage.25 In addition to the assumptions laid out in Sections 5.1

and 5.2, our heterogeneity analysis relies on further assumptions. First, the pre-reform MPL we

construct must be a valid proxy for each family’s true comparative advantage. Second, MPL

should not be systematically correlated with other drivers of the increase in the schooling of the

second generation.

To shed light on these concerns, we present two sets of descriptive evidence. The first

set shows the relationship between pre-reform MPL and household income before and after

the RLCL. The second set shows the relationship between pre-reform MPL and high school

attendance for the first and second generations by gender. We use individuals who were at least

16 when the RLCL was implemented to represent the first generation, and individuals who turn

age 15 after the RLCL, the second generation. We only explore within-village variation in MPL

by normalizing MPL with respect to village mean.

Panels (a) and (b) of Figure 3 display the correlation between log household income and

MPL. There is no gradient of income in MPL before and after the RLCL. This suggests that the

observed productivity gaps do not simply reflect unobserved differences in land quality or bad
25The detailed procedure for calculating MPL follows Chari et al. (2021) and is summarized in Appendix D.
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luck in production across farms. What is more likely is that low-productivity households invest

less in agriculture but more in other activities, given their comparative advantage. Indeed,

panels (c) and (d) of Figure 3 show that households with low pre-reform MPL earn a larger

fraction of agricultural income and a smaller fraction of wage income before the RLCL. These

findings suggest that our MPL measure reflects a comparative advantage in agricultural versus

non-agricultural activities.

Figure 4 shows the relationship between high school attendance for the first and second

generations by gender. In Panels (a) and (c), we find a very small correlation between educational

attainment and agricultural productivity in the first generation for both genders. When looking

at educational attainment in the second generation in panels (b) and (d), the correlation changes

such that people from families with low MPL have the highest educational attainment, but only

if they are boys. Since the second generation turns age 15 after the RLCL, they are able to

adjust their educational choice in response to the decrease in land insecurity risk. The boys

from low-agricultural-productivity households respond the most. As for girls, the relationship

between high school attendance and MPL does not change, which is consistent with the fact that

girls’ future migration and occupational choices does not directly affect the family’s long-term

land security.

Overall, these descriptive patterns suggest that boys from low-MPL households, who have

a comparative advantage in non-agricultural activities, were constrained in their educational

choice before the RLCL. As the RLCL reduces land insecurity risk, these boys are able to re-

optimize their educational and occupational choices according to their comparative advantage,

leading to an improvement in talent allocation.

5.3.2 Heterogeneous impact by comparative advantage in agriculture

We now conduct the formal analysis using equation (2). Our findings are presented in Table 2,

where we split the NFP sample into low- and high-MPL groups within village based on pre-

reform agricultural productivity. Columns (1)–(5) report estimates for the first generation from

Equation (1).

In Column (1), we confirm the result from Section 5.1: land reform raises household income

by about 3% in both productivity groups. Crucially, however, the source of that increase differs.

Low-MPL families respond by shifting labor into non-agricultural activities—especially in urban

areas—whereas high-MPL families expand their labor supply within agriculture. This divergence
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(a) Household income before RLCL (b) Household income after RLCL

(c) Agri income fraction before RLCL (d) Wage income fraction before RLCL

Figure 3: Agricultural productivity and income
Note: This figure presents the relationship between agricultural producitivity and household income before and
after RLCL. We focus on households in provinces that implemented RLCL between 2003 and 2006 and use
income data in the years of 2000-2002 as years before RLCL, and income data in the years of 2007-2009 as years
after RLCL. The y-axis is the average log income and the x-axis is the deviation in log agricultural productivity
relative to village mean. The solid line is the estimated linear relationship between log agricultural producitivity
and log household income.

is consistent with Chari et al. (2021), who show that high-MPL households tend to rent in

additional land while low-MPL households are more likely to rent land out.

In Columns (6)–(7), we shift to the second generation using the cohort-based specification

in Equation (2). Consistent with our model’s prediction, boys from low-MPL families

experience a substantially larger gain in educational attainment following land reform. Due to

sample limitations, we are unable to explore corresponding heterogeneity in their occupational

choices. On the other hand, girls from low- and high-MPL families experience a similar, though

insignificant, increase in educational attainment following the reform. The small effects on girls

might be driven by the increase in household income that eases their financial constraints.
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(a) First Gen Male, HS (b) Second Gen Male, HS

(c) First Gen Female, HS (d) Second Gen Female, HS

Figure 4: Agricultural productivity and education for the first and second generations
Note: This figure presents the relationship between agricultural productivity and high school and college
attendance for two different generations. We focus on individuals living in provinces that implemented RLCL
between 2003 and 2006 and use those born between 1985 and 1987 to represent the first generation and those
born between 1992 and 1994 as the second generation. The first generation was at least 16 when the RLCL took
effect, and the second generation turned 15 after the RLCL. The y-axis is the average high school attendance rate
in the upper panel and college attendance rate in the lower panel. The x-axis is the deviation in log agricultural
productivity before 2003 relative to the village mean. The solid line is the estimated linear relationship between
log agricultural productivity and HS and college attendance.

5.3.3 Robustness checks

To make sure our results are not driven by the way of calculating MPL, we implement some

robustness checks on the production function estimates. Table A14 shows the analysis using

household-crop TFP as a measure of productivity instead of MPL. The results remain

qualitatively similar.

6 Conclusion

This paper examines how insecure land rights, as an institutional barrier to labor mobility,

generate persistent misallocation of talent by distorting educational investment. We extend the

classical Roy model of occupational choice to include endogenous education. When schooling
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Table 2: Heterogeneous impacts by household productivity

First generation Second generation

Labor days per capita

(1) (2) (3) (4) (5) (6) (7)
Household Agriculture Non-agri Non-agri Non-agri High School High School

Income (log) Urban Rural Male Female

Panel A: Low-prodctivity households
ATT 0.025** 0.196 2.675** 2.086* 0.590** 0.245*** 0.073

(0.012) (1.170) (1.141) (1.114) (0.300) (0.056) (0.071)
Dep. Var. Mean 9.430 79.921 35.154 29.146 6.008 0.433 0.397
Clusters 8825 8792 8792 8792 8792 28 28
Observations 92253 75984 75984 75984 75984 1878 1739

Panel B: High-prodctivity households
ATT 0.023** 3.192** -0.234 -0.019 -0.215 0.086* 0.059

(0.012) (1.239) (1.072) (1.059) (0.325) (0.052) (0.083)
Dep. Var. Mean 9.476 80.741 31.661 25.295 6.367 0.437 0.415
Clusters 8212 8176 8176 8176 8176 28 28
Observations 86589 71358 71358 71358 71358 1803 1565

Diff p-value 0.969 0.064 0.049 0.135 0.075 0.044 0.721
Notes: This table presents the effects of the land reform on the outcomes, conditional on pre-reform household
productivity. Column (1) reports the effect of the land reform on household income, estimated using equation (1),
with standard errors clustered at the household level. Columns (2) through (5) present the effects of the land
reform on labor supply, also estimated using equation (1). The outcome variables are measured as the number
of days worked per capita among household members aged 25 and above. Standard errors are clustered at the
household level. Means of the outcome variables are calculated based on the values of the sample in 2003.
Household productivity is proxied by the marginal product of land (MPL) in 2003. Columns (6) and (7) report
the effects on high school and college attainment, respectively, estimated using equation (2). Standard errors
are clustered at the province level. Panel A presents results for households with low MPL, while Panel B shows
results for households with high MPL.* p < 0.10, ** p < 0.05, *** p < 0.01.

complements non-agricultural work more than farming, the model predicts that improvements

in land security should induce strong, skill-intensive reallocation among younger cohorts who

can still adjust their education, while equally talented individuals among older cohorts—whose

education is already fixed—remain trapped in suboptimal occupations. Using China’s Rural

Land Contracting Law as a natural experiment that enhanced land security in rural areas, we

show that, relative to older cohorts who had already completed their schooling, the reform led

younger cohorts to attain more education and subsequently transition from low-skill rural jobs

to high-skill urban occupations. Quantitatively, the reform increased high school enrollment by

3 percentage points and college enrollment by another 3 percentage points among individuals

younger than 15 at the time of adoption. These educational gains translate into a 2 percentage

point reduction in the probability of working in farming or construction and a 1 percentage

point increase in the probability of working in urban high-skill occupations. The affected

children are high-ability individuals who could succeed in school and the labor market if given

the opportunity but would likely have dropped out after middle school absent the

reform—representing a substantial misallocation of talent.

29



Our findings carry several important implications. First, they demonstrate that

labor-mobility frictions can generate deep and persistent distortions when they influence

educational decisions early in life. While prior studies emphasize how such frictions misallocate

workers already in the labor market, our evidence shows that the largest welfare losses arise

from deterring human capital investments before labor-market entry. By shaping expectations

about future mobility, these frictions lead young people to rationally underinvest in education,

creating a form of intertemporal misallocation that persists even after formal barriers are

relaxed. This explains why short-run responses to mobility reforms often understate the true

long-run gains. Complementary policies that incentivize older individuals to return to formal

schooling or attend adult training programs may therefore be necessary to unlock the latent

potential of previously “trapped” talent and fully realize the long-run benefits of

mobility-enhancing reforms.

More broadly, our study helps bridge the literature on land institutions with recent work

on education-driven structural transformation (e.g., Porzio et al., 2022). By endogenizing

educational investment and linking it to institutional barriers to mobility, we show that

structural transformation is a multi-generational process shaped by both current opportunities

and historical constraints. This perspective suggests that the greatest developmental gains

arise when policies that facilitate the reallocation of labor out of agriculture—whether by

improving agricultural productivity or by easing mobility barriers—are combined with

educational reforms that expand access and increase returns to schooling. In doing so,

institutional change can not only reallocate existing workers more efficiently but also equip

future generations for productive participation in non-agricultural sectors.

Beyond the rural land context, our framework offers broader insights into how

family-anchored assets and institutions shape intergenerational mobility. When household

livelihoods depend on location- or occupation-specific assets—such as land, small businesses, or

family farms—parents and children may rationally underinvest in education that would enable

mobility into other sectors. This mechanism parallels the findings of Nakamura et al. (2022),

who show that children raised in prosperous yet geographically immobile fishing communities

in Iceland attain less education, while those displaced by a volcanic eruption subsequently

achieve higher incomes. More broadly, this mechanism complements the intergenerational

mobility literature by highlighting how institutional barriers and asset immobility can reinforce

the intergenerational persistence of educational and occupational choices. These insights
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suggest that enhancing economic mobility requires policies that decouple human capital

formation from place-based or asset-based constraints, allowing talent to flow more freely

across locations and sectors.
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Appendix A Additional Figures and Tables

Figure A1: Effects of the RLCL on hukou type

Note: This figure presents the effects of the RLCL on individuals’ hukou status in 2015, based on
data from the 2015 Census. The hukou type is coded as 1 if an individual holds a village hukou, and
0 if they hold an urban hukou. The sample consists of individuals who turned 15 between 2000 and
2010 and whose hukou is in a village.
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Figure A2: The Effects of the RLCL on high school enrollment using NFP

Note: This figure reports the results of replicating the main results on high school enrollment from
the 2015 Census by using 2013 NFP for both genders, based on the equation (2) at the individual
level.
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Table A2: Summary Statistics for Census Variables

Variables Count Mean Std

Panel A: Boys Sample
Birth year 98581 1989.39 3.04
Ever attending high School 98581 0.40 0.49
Ever attending college 98581 0.17 0.38
Currently Working 76610 0.87 0.33
Rural low skill occupation 66851 0.36 0.48
Urban high skill occupation 66851 0.12 0.33
Predicted income (log) 66851 10.52 0.35

Count Mean Std

Panel B: Girls Sample
Birth year 92303 1989.41 3.02
Ever attending high School 92303 0.38 0.49
Ever attending college 92303 0.18 0.38
Currently Working 71704 0.69 0.46
Rural low skill occupation 49555 0.34 0.48
Urban high skill occupation 49555 0.15 0.36
Predicted income (log) 49555 9.99 0.48

Note: This table reports the summary statistics for the Census
sample. A low-skill job is defined as farming or low-skill
construction. A high-skill job is defined based on the share of college
graduates in an occupation, with occupations having at least 25%
college graduates classified as high-skill. Income is estimated using
a gender-specific regression, as reported in Appendix A. Panel A
presents the summary statistics for the boys’ sample, and Panel B
presents those for the girls’ sample.

Table A3: Rural and Agricultural Hukou Share by Occupation Category

Occupation Category Rural Rate (%) Agricultural Hukou Rate (%)
Agricultural Workers 86.38 98.70
Construction Workers 58.41 87.32
Low-skilled Service Workers 23.72 51.32
Low-skilled Manufacturing Workers 41.22 63.59
Other Low-skilled Workers 31.42 59.74
High-skilled Workers 17.77 26.86

Notes: Sample restricted to individuals aged 25-50. Rural rate represents the percentage of rural
population within each occupation category. Agricultural hukou rate represents the percentage of
agricultural household registration within each occupation category. Occupation categories based
on 3-digit occupation codes with remapping to align with 2015 census classifications. Data source:
CFPS 2010.
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Table A4: Summary Statistics for NFP Variables

(1) (2) (3)
Count Mean Std

Panel A: Variables by Household-year
Area (mu) 232094 18.07 1007.21
Annual Income 213990 9.92 0.85
Any New Land Renting 232117 0.12 0.33

Panel B: Variables by Village-year
Total population 4370 1958.42 1448.43
Total number of out-migrants 3760 2.18 0.97
Nonfarm share 4357 0.08 0.15

Panel C: Variables by Individual
Gender 10218 0.53 0.50
Birth year 10218 1989.47 2.94
High School 9967 0.44 0.50
College 9967 0.32 0.47

Notes: This table provides summary statistics for the NFP samples. Panel
A reports the household data. Annual household income is expressed in real
2001 RMB (deflated using the 2001 CPI) and reported in logarithmic form.
Panel B reports village-level data. The nonfarm share is defined as the ratio
of nonfarm households to farming households within a village. Income from
land expropriation refers to the revenue earned by the village through the
expropriation of farmland, measured in real 2001 RMB. Panel C reports the
information on individual data.
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Table A5: Effects of the RLCL on the first generation

(1) (2) (3)
Renting Income Non-farm share

Panel A: Full Sample
ATT 0.029∗∗∗ 0.037∗∗∗ 0.027∗∗

(0.004) (0.008) (0.013)

Observations 221234 202618 4190
Dep Var Mean 0.120 9.889 0.079
Clusters 22747 22285 361

Panel B: Include the agricultural tax rate
ATT 0.031∗∗∗ 0.040∗∗∗ 0.026∗∗

(0.004) (0.008) (0.012)

Observations 218546 200163 4122
Dep Var Mean 0.120 9.894 0.080
clusters 22403 21952 356

Panel C: Balanced Sample
ATT 0.038∗∗∗ 0.035∗∗∗

(0.006) (0.010)

Observations 128735 118488
Dep Var Mean 0.116 9.859
Clusters 10327 10244

Notes: This table reports the estimation corresponding to Figure 1. Columns
(1) and (2) present the estimated effects of the RLCL on household-level rental
activity and income, based on equation (1) estimated at the household level.
The outcome variables are defined as an indicator for whether a household
engaged in any rental activity in a given year, and the log of annual income,
respectively. Columns (3) and (4) report the estimated effects of the RLCL on
village-level non-farming household share and migration, based on equation (1)
estimated at the village level. The outcome variables are defined as the share
of non-farming households in total village households in a given year, and the
log of the number of migrants in the village in a given year, respectively. Panel
A reports the estimation for the full sample households between 2000 and 2013.
Panel B reports the results of the estimation using equation (1) controlling for
agricultural tax rates. Panel C reports the results of the restricted samples that
were present in all periods. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A6: Robustness checks: standard TWFE and ETWFE with not-yet-treated as controls

Education Labor Market

(1) (2) (3) (4) (5) (6)
High school College Currently Rural Urban Log income

working low-skill high-skill (predicted)

Panel A.TWFE, Males
RLCL at age 15 0.014 0.013 -0.006 -0.022*** 0.008* 0.011*

(0.011) (0.010) (0.008) (0.006) (0.004) (0.005)
Mean dep var 0.403 0.170 0.873 0.364 0.125 10.522
Number of clusters 29 29 29 29 29 29
Observations 98581 98581 76610 66851 66851 66851

Panel B. TWFE, Females
RLCL at age 15 0.005 0.016 0.001 0.011 0.002 0.004

(0.008) (0.010) (0.007) (0.007) (0.009) (0.007)
Mean dep var 0.382 0.178 0.691 0.344 0.152 9.994
Number of clusters 29 29 29 29 29 29
Observations 92303 92303 71704 49555 49555 49555

Panel C. ETWFE with not-yet-treated, Males
RLCL at age 15 0.019* 0.020* -0.008 -0.023*** 0.011** 0.012***

(0.011) (0.011) (0.008) (0.005) (0.004) (0.004)
Mean dep var 0.403 0.170 0.873 0.364 0.125 10.522
Number of clusters 29 29 29 29 29 29
Observations 98581 98581 76610 66851 66851 66851

Panel D. ETWFE with not-yet-treated, Females
RLCL at age 15 0.007 0.020* 0.000 0.013** 0.002 0.002

(0.009) (0.011) (0.007) (0.007) (0.007) (0.006)
Mean dep var 0.382 0.178 0.691 0.344 0.152 9.994
Number of clusters 29 29 29 29 29 29
Observations 92303 92303 71704 49555 49555 49555

Note: This table reports the results of robustness tests on the main specification. Panel A and Panel B report the
results of the two-way fixed effects model for boys and girls respectively. Panels C and D present the results of
the extended two-way fixed effects specification, using both the not-yet-treated and never-treated groups as the
control group. Standard errors in parentheses clustered at the province level. The sample includes individuals
who turned age 15 between 2000 and 2010 and whose hukou is registered in a village. * p < 0.10, ** p < 0.05,
*** p < 0.01.

40



Table A7: Effects of the RLCL on education and labor market outcomes, older sample

Education Labor Market

(1) (2) (3) (4) (5)
High school College Rural Urban Log income

low-skill high-skill (predicted)

Panel A. Males
RLCL at age 15 0.028** 0.019** -0.022** 0.013*** 0.011*

(0.014) (0.006) (0.009) (0.005) (0.006)
Mean dep var 0.356 0.129 0.364 0.125 10.522
Number of clusters 29 29 29 29 29
Observations 66851 66851 66851 66851 66851

Panel B. Females
RLCL at age 15 0.004 0.007 0.003 -0.002 0.007

(0.009) (0.008) (0.009) (0.008) (0.007)
Mean dep var 0.342 0.146 0.344 0.152 9.994
Number of clusters 29 29 29 29 29
Observations 49555 49555 49555 49555 49555

Note: This table reports the effects of the RLCL on education and labor market outcomes for older sample. The
older sample is defined as individuals born between 1951 and 1979 and whose hukou is registered in a village.
Standard errors in parentheses clustered at the province level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A8: The Effects of RLCL on the Outcomes at Different Exposure Ages

(1) (2) (3) (4)
Age 15 16 17 18

Panel A.Effect on High School
ATT 0.029*** 0.012 0.013* 0.011

(0.009) (0.010) (0.008) (0.009)
Observations 98581 98781 99448 100294

Panel B.Effect on College

ATT 0.030*** 0.020*** 0.010** 0.017**
(0.010) (0.007) (0.005) (0.008)

Observations 98581 98781 99448 100294

Panel C.Effect on Currently Working
ATT -0.002 0.007 0.002 -0.011***

(0.010) (0.005) (0.008) (0.003)
Observations 76610 75812 74522 71340

Panel D.Effect on Rural Low-skill

ATT -0.022** -0.010* 0.003 0.010
(0.009) (0.006) (0.011) (0.009)

Observations 66851 67098 66639 64317

Panel E.Effect on Urban High-skill

ATT 0.013*** 0.019*** 0.001 -0.001
(0.005) (0.005) (0.008) (0.010)

Observations 66851 67098 66639 64317

Panel F.Effect on Income (Log)

ATT 0.011* 0.009 0.006 0.006
(0.006) (0.006) (0.010) (0.009)

Observations 66851 64585 57132 46989
Note: This table reports group–birth–cohort–specific treatment
effects of the RLCL reform on outcomes for the boys sample for
the exposure ages between 15 and 18, estimated using Equation 2
at the corresponding age cutoffs. Column (1) reports the effect at
the exposure age 15. Column (1) presents the effect at exposure age
15, Column (2) at exposure age 16, Column (3) at exposure age 17,
and Column (4) at exposure age 18. Standard errors are clustered
at the province level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A9: Effects of the RLCL on education and labor market outcomes, controlling for tax
reforms

Education Labor Market

(1) (2) (3) (4) (5) (6)
High school College Currently Rural Urban Log income

working low-skill high-skill (predicted)

Panel A. Males
RLCL at age 15 0.029*** 0.030*** -0.002 -0.020** 0.014*** 0.012*

(0.010) (0.011) (0.010) (0.008) (0.005) (0.006)
Mean dep var 0.403 0.171 0.873 0.364 0.125 10.521
Number of clusters 29 29 29 29 29 29
Observations 97810 97810 75839 66223 66223 66223

Panel B. Females
RLCL at age 15 0.003 0.014 -0.017* 0.004 0.001 0.007

(0.009) (0.009) (0.008) (0.010) (0.007) (0.007)
Mean dep var 0.383 0.179 0.691 0.345 0.152 9.994
Number of clusters 29 29 29 29 29 29
Observations 91619 91619 71020 49108 49108 49108

Note: This table reports the effects of the RLCL on education and labor market outcomes, estimating the
equation (2) controlling for the agricultural tax rate. The sample includes individuals who turned age 15 between
2000 and 2010 and whose hukou is registered in a village. Rural low-skilled is defined as whether an individual is
employed in farming or construction, while urban high-skilled refers to being employed in high-skilled occupations
as defined in Section 3.1. Income is measured using predictions from the 2020 CFPS data. Standard errors in
parentheses clustered at the province level. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A10: The Effects of the RLCL on the Outcomes for Urban Sample

Education Labor Market

(1) (2) (3) (4) (5) (6)
High school College Currently Rural Urban Log income

working low-skill high-skill (predicted)

Panel A. Males
RLCL at age 15 0.007 0.020 -0.013 0.000 0.003 -0.011

(0.018) (0.018) (0.009) (0.008) (0.010) (0.009)
Mean dep var 0.735 0.479 0.793 0.053 0.351 10.797
Number of clusters 29 29 29 29 29 29
Observations 45052 45052 34730 27543 27543 27543

Panel B. Females
RLCL at age 15 0.018∗ 0.018 -0.003 0.003 0.012 0.010

(0.010) (0.011) (0.014) (0.007) (0.014) (0.009)
Mean dep var 0.727 0.502 0.655 0.063 0.444 10.421
Number of clusters 29 29 29 29 29 29
Observations 46316 46316 36505 23910 23910 23910

Notes: This table reports the placebo test—the effects of the RLCL on the main outcomes for the urban sample.
The sample includes individuals who turned age 15 between 2000 and 2010 and who are registered in urban
areas. Columns (1) and (2) report the effects on high school and college enrollment, respectively. Columns
(3)–(6) present the effects on labor market outcomes. Currently working is defined as whether an individual was
employed in 2015. Rural low-skilled is defined as whether an individual is employed in farming or construction,
while urban high-skilled refers to being employed in high-skilled occupations as defined in Section 3.1. Income
is measured using predictions from the 2020 CFPS data. Panel A reports the results for males. Panel B reports
the results for females. Standard errors in parentheses clustered at the province level. ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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Table A11: Production Function Coeficients by Crop

Sowing Area Labor Days Machinery Cost Other Cost

Wheat 0.536∗∗∗ 0.154∗∗∗ 0.083∗∗∗ 0.257∗∗∗

(0.021) (0.014) (0.007) (0.019)

Rice 0.554∗∗∗ 0.144∗∗∗ 0.020∗∗∗ 0.238∗∗∗

(0.023) (0.014) (0.004) (0.020)

Corn 0.630∗∗∗ 0.179∗∗∗ 0.021∗∗∗ 0.278∗∗∗

(0.017) (0.013) (0.004) (0.015)

Soybean 0.549∗∗∗ 0.276∗∗∗ 0.077∗∗∗ 0.145∗∗∗

(0.016) (0.016) (0.008) (0.013)

Potato 0.546∗∗∗ 0.275∗∗∗ 0.021∗∗ 0.077∗∗∗

(0.022) (0.019) (0.010) (0.012)

Other Grains 0.495∗∗∗ 0.211∗∗∗ 0.078∗∗∗ 0.167∗∗∗

(0.031) (0.029) (0.014) (0.031)

Cotton 0.672∗∗∗ -0.080∗∗ 0.021∗∗ 0.352∗∗∗

(0.055) (0.038) (0.010) (0.036)

Oilseed 0.531∗∗∗ 0.276∗∗∗ 0.026∗∗∗ 0.146∗∗∗

(0.015) (0.014) (0.006) (0.011)

Sugar 0.336∗∗∗ 0.529∗∗∗ 0.076∗∗∗ 0.235∗∗∗

(0.084) (0.101) (0.027) (0.045)

Tobacco Leaf 0.976∗∗∗ -0.767∗∗∗ 0.095∗∗∗ 0.344∗∗∗

(0.093) (0.085) (0.022) (0.074)

Silkworm 0.374∗∗∗ 0.299∗∗∗ 0.083∗∗∗ 0.111∗∗∗

(0.022) (0.015) (0.007) (0.007)

Vegetables 0.942∗∗∗ -0.158∗∗∗ -0.149∗∗∗ 0.164∗∗∗

(0.054) (0.058) (0.026) (0.030)

Other Cash Crops 0.240∗∗∗ 0.405∗∗∗ 0.069∗∗∗ 0.188∗∗∗

(0.031) (0.030) (0.013) (0.016)

Fruit 0.733∗∗∗ -0.265∗∗∗ -0.178∗∗∗ 0.351∗∗∗

(0.096) (0.093) (0.043) (0.039)

Other Orchard 0.235∗∗∗ 0.096∗∗ 0.209∗∗∗ -0.016
(0.039) (0.044) (0.021) (0.026)

Total 0.527∗∗∗ 0.199∗∗∗ 0.045∗∗∗ 0.190∗∗∗

(0.009) (0.007) (0.003) (0.006)

Total Observations 53339
Notes: This table presents the estimation of the production function for a particular crop based on
the equation (D2) using the NFP data before 2003. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A12: Production function coeficients (balanced panel)

Sowing Area Labor Days Machinery Cost Other Cost

Wheat 0.578∗∗∗ 0.113∗∗∗ 0.010∗∗ 0.176∗∗∗

(0.036) (0.012) (0.004) (0.021)

Rice 0.606∗∗∗ 0.130∗∗∗ 0.009∗∗ 0.136∗∗∗

(0.026) (0.015) (0.004) (0.018)

Corn 0.650∗∗∗ 0.121∗∗∗ 0.003 0.148∗∗∗

(0.028) (0.014) (0.003) (0.015)

Soybean 0.562∗∗∗ 0.199∗∗∗ 0.016∗∗∗ 0.090∗∗∗

(0.020) (0.016) (0.006) (0.010)

Potato 0.505∗∗∗ 0.169∗∗∗ 0.005 0.095∗∗∗

(0.020) (0.016) (0.007) (0.011)

Other Grains 0.607∗∗∗ 0.130∗∗∗ 0.013 0.142∗∗∗

(0.030) (0.024) (0.009) (0.019)

Cotton 0.838∗∗∗ 0.023 -0.007 0.109∗∗∗

(0.035) (0.025) (0.007) (0.027)

Oilseed 0.556∗∗∗ 0.176∗∗∗ 0.009∗∗ 0.123∗∗∗

(0.021) (0.014) (0.004) (0.011)

Sugar 0.809∗∗∗ 0.127 0.070∗∗∗ 0.075
(0.115) (0.094) (0.022) (0.069)

Tobacco Leaf 0.525∗∗∗ 0.174∗∗ 0.009 0.315∗∗∗

(0.112) (0.068) (0.015) (0.096)

Silkworm 0.233∗∗∗ 0.226∗∗∗ 0.039∗ 0.184∗∗∗

(0.077) (0.059) (0.020) (0.054)

Vegetables 0.233∗∗∗ 0.264∗∗∗ 0.048∗∗∗ 0.107∗∗∗

(0.034) (0.015) (0.006) (0.007)

Other Cash Crops 0.387∗∗∗ 0.251∗∗∗ 0.070∗∗∗ 0.061∗∗∗

(0.029) (0.026) (0.016) (0.012)

Fruit 0.235∗∗∗ 0.418∗∗∗ 0.024∗∗ 0.130∗∗∗

(0.039) (0.030) (0.009) (0.013)

Other Orchard 0.286∗∗∗ 0.551∗∗∗ 0.046 0.078∗∗∗

(0.099) (0.076) (0.062) (0.023)

Total 0.527∗∗∗ 0.169∗∗∗ 0.017∗∗∗ 0.130∗∗∗

(0.012) (0.006) (0.002) 0.006)

Total Observations 137334
Notes: This table presents the estimation of the production function for a particular crop using the
balanced sample of household-crop combinations in NFP between 2003 and 2013, based on estiamting
the equation (D2) and (D3). ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A13: Effects by productivity

Full Smple Sub Sample Low Productivity High Productivity

(1) (2) (3) (4) (5) (6) (7) (8)
HS College HS College HS HS HS HS

Panel A: Boys sample
RLCL at age 15 0.085∗∗ 0.068∗∗ 0.149∗∗∗ 0.130∗∗∗ 0.245∗∗∗ 0.265∗∗∗ 0.086∗ 0.066

(0.039) (0.029) (0.037) (0.037) (0.056) (0.053) (0.052) (0.051)
Mean dep var 0.446 0.323 0.435 0.308 0.433 0.434 0.437 0.436
Number of clusters 28 28 28 28 28 28 28 28
Observations 5303 5303 3687 3687 1878 1876 1802 1803

Panel B: Girls sample
RLCL at age 15 0.056 0.028 0.070 0.052 0.075 0.084 0.056 0.061

(0.042) (0.047) (0.067) (0.074) (0.070) (0.065) (0.083) (0.082)
Mean dep var 0.431 0.326 0.406 0.298 0.397 0.400 0.416 0.413
Number of clusters 28 28 28 28 28 28 28 28
Observations 4660 4660 3305 3305 1738 1757 1564 1544

Notes: This table presents the effects of the land reform on the full sample and a subsample of productivity using
NFP. Columns (1) and (2) present the results using the NPF full sample, replicating the result from the cohort
analysis. Columns (3) and (4) estimate the effects of the land reform on outcomes using the subsample for which
we have pre-reform productivity information. Columns (5) and (7) show the estimated effects of the land reform
on high school education for low- and high-MPL households in 2003, respectively. Columns (6) and (8) provide
the corresponding results when pre-reform MPL from the production function is estimated using data from 2000
to 2010, which serve as a robustness check. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table A14: Effects by household-crop level TFP

First generation Second generation

Labor days per capita

(1) (2) (3) (4) (5) (6) (7)
Household Agriculture Non-agri Non-agri Non-agri High School High School

Income (log) Urban Rural (Male) (Female)

Panel A: Low-prodctivity households
ATT 0.036*** -0.155 2.877*** 2.802*** 0.075 0.133*** 0.108

(0.012) (1.136) (1.021) (1.001) (0.279) (0.043) (0.069)

Dep. Var. Mean 9.413 81.410 33.193 27.546 5.647 0.429 0.418
Clusters 8884 8883 8883 8883 8883 28 28
Observations 93919 78835 78835 78835 78835 2304 2031

Panel B: High-prodctivity households
ATT 0.026** 1.016 -0.220 0.046 -0.266 0.058 0.033

(0.013) (1.303) (1.221) (1.210) (0.334) (0.077) (0.057)

Dep. Var. Mean 9.477 84.004 31.672 25.675 5.996 0.437 0.395
Clusters 6934 6933 6933 6933 6933 28 28
Observations 74705 62870 62870 62870 62870 1878 1702

Diff p-value 0.533 0.064 0.093 0.472 0.593 0.560 0.515
Notes: This table presents the effects of the land reform, conditional on pre-reform household productivity.
Column (1) reports the effect of the land reform on household income, estimated using equation (1), with
standard errors clustered at the household level. Columns (2) through (5) present the effects of the land reform
on labor supply, also estimated using equation (1). The outcome variables are measured as the number of days
worked per capita among household members aged 25 and above. Standard errors are clustered at the household
level. Household productivity is proxied by the household-crop TFP in 2003. Means of the outcome variables are
calculated based on the sample values in 2003. Columns (6) and (7) report the effects on high school for boys
and girls, respectively, estimated using equation (2). Standard errors are clustered at the province level. Panel
A presents results for households with low TFP, while Panel B shows results for households with high TFP.*
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A15: Effects on Income, Education and Labor Outcomes by Huzhu’s education

First generation Second generation

(1) (2) (3) (4) (5) (6) (7)
Incomes Agri Non-agri Non-agri urban Non-agri rural HS Boys HS Girls

Panel A: Low Educational Households

0.046*** -2.171 0.874 0.005 0.869** 0.062 0.130**
(0.013) (1.321) (1.186) (1.166) (0.342) (0.038) (0.061)

Dep. Var. Mean 9.389 84.308 33.486 27.480 6.006 0.418 0.372
Clusters 8583 8158 8158 8158 8158 28 27
Observations 86362 70387 70387 70387 70387 1983 1786

Panel B: High Educational Households

0.019 1.134 1.285 1.654 -0.369 0.184*** 0.032
(0.012) (1.108) (1.141) (1.115) (0.337) (0.061) (0.083)

Dep. Var. Mean 9.552 75.086 34.483 27.577 6.906 0.494 0.488
Clusters 8192 7811 7811 7811 7811 27 28
Observations 82572 67759 67759 67759 67759 1859 1633

Notes: This table presents the effects of the land reform on the outcomes, conditional on the educational level
of the head of the householde. Column (1) reports the effect of the land reform on household income, estimated
using equation (1), with standard errors clustered at the household level. Columns (2) through (5) present the
effects of the land reform on labor supply, also estimated using equation (1). The outcome variables are measured
as the number of days worked per capita among household members aged 25 and above. Standard errors are
clustered at the household level. Means of the outcome variables are calculated based on the sample values in
2003. Columns (6) and (7) report the effects on high school for boys and girls, respectively, estimated using
equation (2). Panel A presents results for households with low educational level, while Panel B shows results
for households with high educational level. Standard errors are clustered at the province level.* p < 0.10, **
p < 0.05, *** p < 0.01.
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Appendix B Conceptual Framework: proofs

B.1 Proof of Result 1

B.1.1 Effects on income for the first generation

The first part of Result 1 states that income weakly decreases with η for individuals in generation

g − 1. We prove these by discussing the different scenarios depending on land rental behaviors

and occupational choices.

Farmers renting in land (ℓrent > 0)—For households with sufficiently high agricultural

productivity zg−1
F (i) that optimally rent in land, the effective rental price is

q(η, ℓrent(i)) = q0 + αη when ℓrent(i) > 0. The optimization problem becomes:

max
ℓrent(i)≥0

{
paAaz

g−1
F (i)[ℓ̄(i) + ℓrent(i)]θ − (q0 + αη)ℓrent(i)

}

By the envelope theorem:

∂Ig−1
F

∂η
=

∂

∂η

[
−(q0 + αη)ℓrent∗] = −αℓrent∗

Since ℓrent∗ > 0 for land renters-in and α > 0, we have ∂Ig−1
F
∂η < 0.

Farmers renting out land (ℓrent < 0) —For households that optimally rent out land (ℓrent∗ <

0), the effective rental price is q(η, ℓrent(i)) = q0 − ηφ(i). The optimization problem becomes:

max
ℓrent(i)≤0

{
paAaz

g−1
F (i)[ℓ̄(i) + ℓrent(i)]θ − (q0 − ηφ(i))ℓrent(i)

}

By the envelope theorem:

∂Ig−1
F

∂η
=

∂

∂η

[
−(q0 − ηφ(i))ℓrent∗] = φ(i)ℓrent∗

Since ℓrent∗ < 0 for land renters-out and φ(i) > 0, we have ∂Ig−1
F
∂η < 0.

Manufacturing Workers —For manufacturing workers, all land is rented out at the base rate

q0, but they face the direct risk of income loss. Their income is:

Ig−1
M (i) = wMz

g−1
M (i)(1 + τ h̄) + q0ℓ̄(i)− ηφ(i)ℓ̄(i)− c
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where h̄ is the educational choice they made in the first period.

The marginal effect of land insecurity is:

∂Ig−1
M

∂η
= −φ(i)ℓ̄(i) < 0

By revealed preference, I∗(i, η) = max{Ig−1
F (i, η), Ig−1

M (i, h∗, η)}. We consider three cases:

1. Manufacturing worker: If I∗(i, η) = Ig−1
M (i, h∗, η), then ∂I∗

∂η = −φ(i)ℓ̄(i) < 0.

2. Farming with land rental-in: If I∗(i, η) = Ig−1
F (i, η) with ℓrent∗ > 0, then ∂I∗

∂η = −αℓrent∗ <

0.

3. Farming with land rental-out: If I∗(i, η) = Ig−1
F (i, η) with ℓrent∗ < 0, then

∂I∗

∂η = φ(i)ℓrent∗ < 0.

In all cases where households actively participate in land rental markets, the income effect

is strictly negative. Only when ℓrent∗ = 0 throughout, we have ∂I∗

∂η = 0.26

B.1.2 Effects on occupation choice for the first generation

The second part of Result 1 states that the share of individuals choosing manufacturing in

generation g − 1 decreases with land insecurity. We prove this by showing that for any

individual at the margin of occupational choice, an increase in η makes manufacturing

relatively less attractive and hence decides to switch to farming. Consider an individual that is

indifferent between sectors: Ig−1
F (i, η) = Ig−1

M (i, h∗, η).

Taking the derivative with respect to η:

∂Ig−1
M

∂η
−
∂Ig−1

F

∂η
= −φ(i)ℓ̄(i)− φ(i)ℓrent∗ < 0

when −ℓ̄(i) < ℓrent∗ < 0 (the marginal individual typically rents out land but cannot rent out

more than endowment). As manufacturing income reduces faster than farming income, more
26The farmer prefers not to rent out land when the marginal product of their own land is greater than or equal

to the effective rental income:
paAaz

g−1
F (i)θ[ℓ̄(i)]θ−1 ≥ q0 − ηφ(i)

This can be rewritten as:

zg−1
F (i) ≥ (q0 − ηφ(i))[ℓ̄(i)]1−θ

paAaθ

When η ≥ q0/φ(i), the effective rental rate becomes non-positive, and farmer i prefers not to rent out land,
resulting in ∂I∗

∂η
= 0.
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individuals will switch from manufacturing to farming as η increases. This establishes that
∂Prg−1(M)

∂η < 0.

B.2 Proof of Result 2

B.2.1 Cross-generation difference in educational effects

The first part of result 2 states that an increase in η decreases the share of education in generation

g but not in g − 1. Child i in generation g chooses education if

IgM (i, 1, η)− IgM (i, 0, η) = wMz
g
M (i)(1 + τ) + q0ℓ̄(i)− ηφ(i)ℓ̄(i)− c

− [wMz
g
M (i) + q0ℓ̄(i)− ηφ(i)ℓ̄(i)]

= wMz
g
M (i)τ − c > 0

The educational choice is independent of η for a given occupation. Since h does not enter

the agricultural income function, the share of educated individuals in generation g is given by:

Prg(h = 1, η) = Prg(h = 1|M)× Prg(M)

Taking the derivative with respect to η:

∂Prg(h = 1)

∂η
= Prg(h = 1|M)× ∂Prg(M)

∂η

Since: ∂Prg(M)
∂η < 0 (from Result 1), ∂Prg(h=1)

∂η = Prg(h = 1|M) × ∂Prg(M)
∂η ≤ 0, and

∂Prg(h=1)
∂η ≤ ∂Prg−1(h̄=1)

∂η = 0, with strict inequality if Prg(h = 1|M) ̸= 0.27

B.2.2 Cross-generation difference in occupation switching effects

The second part of result 2 states that generation g has a steeper manufacturing share response

than generation g − 1: ∂Prg(M)
∂η < ∂Prg−1(M)

∂η < 0. We prove this by showing that generation

g has additional switching that generation g − 1 lacks. A key assumption we need is that the

distributions of skills (zF and zM ) are constant across generations.

Common Switching Effect—Both generations experience the same occupational switching for

individuals with the same skill levels, regardless of their education. Consider individuals in set
27This quires that some individuals satisfy wMzgM (i)τ − c > 0 and IgM (i, 1, η) > IgF (i, η) for the relevant range

of η. With sufficient heterogeneity in skills, reasonably high education premium, and non-extreme range of η, we
can assume that some individuals will satisfy these conditions.
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A who satisfy the following condition for some η:

A =

i : IgM (i, η, 1) > IgM (i, η, 0) > IgF (i, η) and

wMz
g
M (i)τ > c

for the relevant range of η


When η decreases, those who find manufacturing more profitable than farming even with h = 0

would switch to manufacturing no matter which generation they belong to.

Additional Switching in Generation g—Generation g has an additional source of switching

through the educational margin. Consider individuals in set B who satisfy the following condition

for some η:

B =

i :
IgM (i, η, 0) ≤ IgF (i, η) and

IgM (i, η, 1) > IgF (i, η) and

wMz
g
M (i)τ > c

for the relevant range of η


For these individuals, education is profitable in manufacturing but farming remains

competitive without education. As η decreases (land becomes more secure), individuals in B

will switch from farming to manufacturing with education. The critical switching point occurs

when:

IgM (i, η∗, h = 1) = IgF (i, η
∗)

Let NB(η) denote the number of individuals in set B who choose manufacturing with

education at parameter η:

Ng
A(η) = |{i ∈ B : IgM (i, η, h = 1) > IgF (i, η)}|

Because
∂IgM (i, η, h = 1)

∂η
−
∂IgF (i, η)

∂η
= −φ(i)ℓ̄(i)− φ(i)ℓrent∗ < 0

then ∂Ng
A(η)
∂η ≤ 0, with strict inequality as long as there are individuals that satisfy the conditions

defining set B.

Under the assumption that the distribution of skills is constant across generations, generation

g includes all the switching that generation g − 1 has, plus additional switching from set B:

∂Prg(M)

∂η
=
∂Prg−1(M)

∂η
+

1

N

∂NS(η)

∂η
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Figure B1: Occupational Sorting by Comparative Advantage
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Farming ManufaturingB A

Under reasonable parameterization of the model (sufficient heterogeneity in skills and

education premium, and intermediate levels of land insecurity), we can assume that set B is

non-empty. Then
∂Prg(M)

∂η
<
∂Prg−1(M)

∂η
< 0

B.2.3 Who are the switchers?

The proofs above show that there are two groups of switchers who adjust their education,

occupation, or both in response to a change in η. To understand who they are, we use Figure

B1 to illustrate the economics of the model and the decisions of different individuals. If a

worker chooses farming when land is insecure, she earns I(F, η > 0) on average. If she chooses

manufacturing, she earns I(M,h = 0, η > 0) if education is not profitable (wMz
g
M (i)τ < c), and

I(M,h = 1, η > 0) if education is affordable (wMz
g
M (i)τ ≥ c). A reform reduces η to zero in

period t. This change increases income in both sectors, but manufacturing income rises relatively

more, as shown above. As a result, some individuals switch from farming to manufacturing, as

illustrated in Figure B1.

The first group of switchers, group A, is defined as

A =

i : IgM (i, η, 1) > IgM (i, η, 0) > IgF (i, η) and

wMz
g
M (i)τ > c

for the relevant range of η


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People in this group have high skills in manufacturing and low skills in farming. They switch to

manufacturing when η is sufficiently low, even without changing their education.

The first group of switchers, group B, is defined as

B =

i :
IgM (i, η, 0) ≤ IgF (i, η) and

IgM (i, η, 1) > IgF (i, η) and

wMz
g
M (i)τ > c

for the relevant range of η


Individuals in this group have medium-level skills in both sectors. They switch to manufacturing

only when combined with education; without education, they remain in farming.

Groups A and B thus comprise the switchers, who suffer from talent misallocation due to

land rights insecurity. Their decisions differ by generation in response to the change in η:

A :


F →M+E if generation g ,

F →M if generation g-1

B :


F →M+E if generation g ,

Stay in F if generation g-1

The generational difference implies that the effect of a decrease in η on education can be

identified by comparing younger cohorts (generation g) with older cohorts (generation g − 1).

Younger cohorts in both groups are treated while still in their first period and can adjust their

education; older cohorts cannot. Thus, the education effect reflects the responses of both groups

A and B. Using the same framework, we can also identify the effect of a decrease in η on

occupation, but this comes only from group B. Because group A would switch to manufacturing

regardless of education, only group B switches sectors when they are allowed to change education

too. Consequently, the framework identifies a larger effect on education than on occupation, since

some older individuals in group A would still move to manufacturing even without education.

We therefore refer to group A as pure-security switchers and group B as education-enabled

switchers.
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B.3 Proof of Result 3

We prove that families with lower agricultural productivity are more responsive to land security

improvements in their children’s education decisions. We assume that child i imperfectly in

herits skills from the parent, i.e. zgk(i) = πzg−1
k (i) + (1− π) εgn(i), π ∈ [0, 1].

Child i with agricultural productivity zg−1
F (i) chooses education if manufacturing with

education yields higher utility than the best alternative:

h∗(i) = 1 if IgM (i, 1, η, zg−1
F (i)) > max{IgF (i, η, z

g−1
F (i)), IgM (i, 0, η, zg−1

F (i))}

Define the critical level of land insecurity where individual i is indifferent between

manufacturing with education and farming:

η∗i such that IgM (i, 1, η∗i , z
g−1
F (i)) = IgF (i, η

∗
i , z

g−1
F (i))

For η < η∗i , individual i chooses manufacturing with education (assuming wMz
g
M (i)τ > c).28

For η > η∗i , individual i chooses farming.

Taking the total differential of the indifference condition:

∂IgM (i, 1, η)

∂η
dη +

∂IgM (i, 1, η)

∂zg−1
F (i)

dzg−1
F (i) =

∂IgF (i, η)

∂η
dη +

∂IgF (i, η)

∂zg−1
F (i)

dzg−1
F (i)

Since manufacturing income doesn’t depend on agricultural productivity: ∂IgM (i,1,η)

∂zg−1
F (i)

= 0.

Rearranging:

dη∗i
dzg−1

F (i)
=

∂IgF (i,η)

∂zg−1
F (i)

∂IgM (i,1,η)
∂η − ∂IgF (i,η)

∂η

Since ∂IgF (i,η)

∂zg−1
F (i)

> 0 (higher productivity increases agricultural income) and
∂IgM (i,1,η)

∂η − ∂IgF (i,η)
∂η < 0 (manufacturing becomes relatively less attractive as η increases), we

have:
dη∗i

dzg−1
F (i)

< 0

This means higher agricultural productivity lowers the threshold η∗i , making individuals less

likely to choose manufacturing and education.

Consider a reduction in land insecurity from ηhigh to ηlow where ηhigh > ηlow. Consider two
28When wMzgM (i)τ ≤ c, education does not respond to a change in η.
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types of families with high and low agricultural productivity (high-prod and low-prod). From

the results above, we have

η∗(high-prod) < η∗(low-prod)

The change in education probability for each type is:

∆Pr(h = 1|low-prod) = Pr(h = 1|low-prod, ηlow)− Pr(h = 1|low-prod, ηhigh)

∆Pr(h = 1|high-prod) = Pr(h = 1|high-prod, ηlow)− Pr(h = 1|high-prod, ηhigh)

We consider different scenarios based on the relative positions of ηhigh, ηlow, and the switching

thresholds:

Case 1: ηhigh > ηlow > η∗(low-prod) > η∗(high-prod)

Both family types choose farming throughout, so

∆Pr(h = 1|low-prod) = ∆Pr(h = 1|high-prod) = 0

We can rule out this case by assuming sufficient heterogeneity in agricultural productivity and

reasonable range of η.

Case 2: ηhigh > η∗(low-prod) > ηlow > η∗(high-prod)

Low-productivity families switch from farming to manufacturing with education, while high-

productivity families remain in farming:

∆Pr(h = 1|low-prod) > 0

∆Pr(h = 1|high-prod) = 0

Case 3: ηhigh > η∗(low-prod) > η∗(high-prod) > ηlow

Both family types switch from farming to manufacturing+education, but low-productivity

families were closer to the margin:

∆Pr(h = 1|low-prod) > 0

∆Pr(h = 1|high-prod) > 0

∆Pr(h = 1|low-prod) > ∆Pr(h = 1|high-prod)
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The last inequality holds because low-productivity families have a higher switching threshold,

making them more responsive to changes in land security.

In all cases where there is any response to land security improvements, low-productivity

families respond more strongly:

∆P (h = 1|low-prod) > ∆P (h = 1|high-prod)

For small changes in η, this discrete analysis implies:

∣∣∣∣∂Prg(h = 1|low-prod)
∂η

∣∣∣∣ > ∣∣∣∣∂Prg(h = 1|high-prod)
∂η

∣∣∣∣
For small productivity differences, this further implies

∂2Prg(h = 1|zg−1
F (i))

∂η ∂zg−1
F (i)

> 0
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Appendix C Extended Two-way Fixed Effect Model

With homogeneous treatment effects, a common approach to estimating the average treatment

effect on the treated (ATT) is to estimate a two-way fixed-effects (TWFE) model:

Yipt = βPostRLCLpt + ξp + ϕt + εipt, (C1)

where Yipt outcome of individual i who turned 15 in year t and whose hukou is registered in

province p. µp are province of birth fixed effects, αt are cohort fixed effects, and PostRLCLipt

is an indicator variable for individual i who turned age 15 after the RLCL was implemented in

the province. Under a common trend assumption, β can be interpreted as the causal effect of

being exposed to RLCL at age 15, the critical age when deciding whether or not to attend high

school.

C.1 ETWFE Model

However, treatment heterogeneity may occur both in the group and time dimensions. For

example, effects might be larger in provinces that adopted the reform earlier, as they faced greater

pre-reform uncertainty about land rights, or smaller for children who are closer to 15 when the

reform started, since they had already made preliminary educational plans. Recent literature

on difference-in-differences with staggered treatment adoption shows that in the presence of

such treatment heterogeneity, the estimates from the TWFE estimator in equation (C1) may

be biased due to ‘forbidden comparisons’, i.e., the use of already-treated units as controls for

later treated units (Borusyak et al., 2024). A range of heterogeneity-robust estimators has been

proposed in recent literature to address this issue.

We follow Wooldridge (2021) in extending the traditional two-way fixed effects estimation.

Specifically, for the first-generation analysis, we allow for treatment effect heterogeneity across

cohorts and over time by interacting cohort dummies of the treated units with period dummies,

while using households in the never-treated provinces as the control group. In this way, we

obtain group- or cohort-specific average treatment effects, which capture the change in outcomes

responding to the implementation of the RLCL reform in a given year for each household in our

sample.

Wooldridge (2021)’s baseline model assumes balanced panel data, where controlling for group

fixed effects effectively accounts for individual fixed effects. However, in cases of unbalanced
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panels—such as ours—this equivalence breaks down. To accommodate this, we explicitly control

for household fixed effects. Our approach is identical to the “chained difference-in-differences”

framework proposed by Bellégo et al. (2025), while retaining the flexibility of Wooldridge (2021).

For the second-generation analysis, we use a birth-cohort-based extension of the two-way

fixed effects estimator to examine the effect of the RLCL reform on individual outcomes. We

define the birth cohort as the calendar year in which children turn 15 years old and assign

treatment status based on the year of RLCL implementation in their province. Following a

similar approach to the previous estimation, we interact group-by-event-time dummies with

birth-cohort fixed effects and province fixed effects. In this way, we obtain group–birth-cohort-

specific average treatment effects of the RLCL reform.

C.2 Estimation Target

The ETWFE estimator estimates treatment effects at a very granular level. However, interest

often lies in more aggregated quantities rather than the directly estimated cohort-time-specific

treatment effects from equation 1. In this paper, we are interested in evaluating how much

change in education attainment and occupational choices, on average, in all province pairs and

post-reform years, as a result of the introduction of RLCL. Therefore, our main estimation target

is a single estimate, which is defined by the weighted sum of the estimated cohort-time-specific

treatment effects as

δ̂ =
T∑

g=q

T∑
s=g

Ngs

ND
δ̂gs,

where we assign equal weight to all posttreatment observations, which correspond to the

number of observations of cohort g in period s, Ngs, relative to the total number of treated

observations, ND =
∑T

g=q

∑T
s=gNgs. Similarly, the standard errors for the ETWFE estimator

are computed as a (weighted) linear combination of the cohort-year-specific effects, taking the

covariance between the coefficients into account.

Another estimation target is an event-study estimand, for which we compute event-time-

specific treatment effects by averaging over the cohort dimension as follows:

δ̂·s =

s∑
g=q

Ngs

N·s
δ̂gs,

where N·s =
∑s

g=qNgs is the total number of treated observations in period s. Event-time-
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specific treatment effects are akin to results from a dynamic TWFE (or event-study) specification

without its shortcomings, based on the heterogeneity-robust innovations.

As discussed above, caution needs to be exercised when comparing positional changes due

to differences in weights and in the composition of groups/ periods, which can complicate their

interpretation. For example, early-treated cohorts have more observations many years after the

treatment onset than late-treated cohorts. Consequently, in the presence of treatment effect

heterogeneity across cohorts, changes in event-time-specific treatment effects are the result of

changes in event time as well as the higher share of early-treated cohorts relative to late-treated

cohorts.

For birth-cohort-based ETWFE, the main equation 2, we re-index “time” by birth-cohort,

defined as the calendar year an individual turns 15, and assign provinces to treatment groups by

their RLCL adoption year. Accordingly, we adjust the formulas for these two estimation targets.
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Appendix D Marginal Product of Land (MPL)

We also use NFP data to construct a household-year level measure of the marginal product

of land (MPL) across all crops farmed by a household in a year, as an indicator of pre-reform

productivity. The MPL is calculated as follows:

MPLC
h,t =

∑
c∈Cht

ωcht

(
αc ·

Ycht
Lcht

)
(D1)

where C denotes the types of crops, h denotes households, and t denotes the year. ωcht

denotes the weight where we take the mean of these values for each household–year pair. This

measurement enables us to rank households by how efficiently they utilize land at the margin in

2003, prior to the implementation of the land reform.

To estimate αc, we use household-crop-year level data from 1986 to 2003, excluding 1994 due

to missing information. We assume a Cobb-Douglas agricultural production function for each

crop. It requires land, labor, machines, and other expenses as input. We measure agricultural

yield, sowing area, household labor days for sowing, machinery costs, and other input costs—such

as fertilizer expenses—at the household-crop-year level. These variables are incorporated into

the household’s production function. Then we jointly estimate a logarithm function for each

crop following Chari et al. (2021):

yhcvt = αclogLhcvt + βclogNhcvt + γclogKhcvt + σclogOhcvt + ehcvt (D2)

where yhcvt denotes log physical output of household h growing croptype c in village v in

year t. Lhcvt, Nhcvt, Khcvt, and Ohcvt represent the farming area, labor days, machinery cost,

and all other input costs, respectively. We absorb ϕhcvt by controlling for year, household, and

crop fixed effect29. Our estimation is 0.52 on average, which is slightly larger than the literature,

for example, Zhu et al. (2016) and Gong (2018), and similar to the estimation from Liu et al.

(2023). Table A11 represents the results of the estimation for each crop.

In addition to the pre-reform MPL, we construct a second measure of household-level

productivity as a robustness check using NFP data. Specifically, we estimate household–crop

level total factor productivity (TFP) using data from 1986 to 2010, which enables us to further

decompose TFP when estimating equation (D2). In particular, we decompose ϕhcvt as follows:
29We relax the assumption for the production function estimation due to limited observations that we have

only using pre-reform data.
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ϕhcvt = ϕhc + ϕht + ϕcvt + ehcvt (D3)

Where ϕhc represents the household-crop level productivity that we use as fixed ability

regarding crops of each household, ϕht denotes the household-year fixed effect capturing time-

varying shocks given to the household, and ϕcvt denotes a time-varying component that is

common to all households in a village farming crop c. Table A14 represents the result of the

effects of the land reform on the outcomes, conditional on this household-crop level total factor

productivity ϕhc. This measure captures a household’s average fixed ability to farm a given

crop.

We conduct several robustness checks on our production function estimations for the two

measures. First, we test whether the household–crop-level TFP estimates are sensitive to

assumptions regarding the unobserved component ehcvt in Equation (D3). Specifically, we

allow for the possibility that farmers observe production outcomes from previous years and

adjust their input choices accordingly. To address this, we instrument inputs with their lagged

values in addition to absorbing the fixed effects in Equation (D3). The estimated coefficients

are generally consistent with previous results, although less precisely estimated, as the

elasticity of land is 0.60, greatly higher than both our earlier estimates using only the fixed

effects model and the values reported in the literature on land elasticity in China.

Second, we change the production function form to test the robustness of the

Cobb-Douglas function form assumption. Specifically, we test a translog production function

that is an approximation of the CES function by a second-order Taylor polynomial. We

estimate the following equation:

yhcvt = α0 + αL logLhcvt + αN logNhcvt + αK logKhcvt + αO logOhcvt

+ 1
2βLL(logLhcvt)

2 + 1
2βNN (logNhcvt)

2 + 1
2βKK(logKhcvt)

2 + 1
2βOO(logOhcvt)

2

+ βLN (logLhcvt)(logNhcvt) + βLK(logLhcvt)(logKhcvt) + βLO(logLhcvt)(logOhcvt)

+ βNK(logNhcvt)(logKhcvt) + βNO(logNhcvt)(logOhcvt) + βKO(logKhcvt)(logOhcvt)

+ ehcvt

(D4)

This specification allows for a non-linear relationship between input choices and output in

the production function. The R-squared of the translog model is 0.9696, which is very similar to
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the fit of the Cobb–Douglas model (0.9640). Our estimation yields an elasticity of land of 0.53

in the pre-reform years, which is slightly but not meaningfully larger than the earlier estimate.

The correlation between the previous TFP residual and the current TFP residual is 0.9638,

indicating a very strong consistency.

Third, we examine the sensitivity of household-level selection caused by the entry and exit of

households in the unbalanced NFP data. To address this concern, we estimate the Cobb–Douglas

production function using a balanced sample of household–crop combinations from 1986 to 2010.

The estimated coefficients are very similar to those obtained previously, which helps us rule out

the possibility of significant impacts from unobserved productivity shocks across years. Table

A12 reports the production function estimates for the balanced household–crop pairs.

62


	Introduction
	Institutional Background
	Data
	2015 Population Survey
	National Fixed Point Survey

	A Model of Occupation Choice
	The Impact of the RLCL on Current and Future Workforce
	Effects on current workforce
	Effects on the young vs the old
	Identification
	Impact on education and occupational choices
	Robustness checks

	Heterogeneity by comparative advantage
	Measure of comparative advantage
	Heterogeneous impact by comparative advantage in agriculture
	Robustness checks


	Conclusion
	Appendix Additional Figures and Tables
	Appendix Conceptual Framework: proofs
	Proof of Result 1
	Effects on income for the first generation
	Effects on occupation choice for the first generation

	Proof of Result 2
	Cross-generation difference in educational effects
	Cross-generation difference in occupation switching effects
	Who are the switchers?

	Proof of Result 3

	Appendix Extended Two-way Fixed Effect Model
	ETWFE Model
	Estimation Target

	Appendix Marginal Product of Land (MPL)

