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Abstract

This dissertation explores the intersection of environmental and development eco-

nomics through three essays, centering on forests as natural capital. It investigates

human–forest interactions using rigorous econometric methods, including ordinary

least squares, instrumental variables (IV), difference-in-differences (DID), and quan-

tile regression. By integrating economic, geospatial, and ecological data, the research

evaluates forest-related policies at both micro (household) and macro (county) levels.

The findings offer policy insights for optimizing land use, public financial investments,

and household decision-making, ultimately contributing to sustainable development by

balancing economic growth with environmental conservation.

Essay 1 examines the effects of rural poverty alleviation on forest conservation.

Using a high-resolution annual land cover dataset and a generalized DID approach,

the study finds that poverty alleviation programs increased forest cover by 0.5% annu-

ally, with carbon storage benefits outweighing program costs. Rural relocation policies

emerge as key drivers of conservation, highlighting a cost-effective strategy for inte-

grating economic development with environmental restoration.

Essay 2 evaluates the economic and ecological impacts of large-scale tree planting

from 2002 to 2019 using an IV approach. While afforestation enhances grain pro-

duction—particularly four to eight years after planting—it negatively affects GDP in

primary and secondary sectors. The findings reveal an inverted U-shaped relation-

ship between plantation forest maturity and grain production, underscoring the need to

v



balance ecological benefits with economic trade-offs.

Essay 3 investigates the long-term effects of China’s Grain for Green (GfG) program,

which subsidizes farmers to convert cropland on steep slopes into forests. Using national

survey data and a DID framework with multiple treatment periods, the study finds that

GfG increases household income and expenditure, primarily through farm income

growth and government subsidies. Households reallocate land from staple crops to

soybeans and cash crops, improving soybean productivity.
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Chapter 1

Introduction

Essay 1–Forest conservation is essential for combating climate change, as forests play a

critical role in regulating the Earth’s climate and mitigating global warming. However,

poverty often drives deforestation, as economically disadvantaged populations may lack

the resources, knowledge, or incentives to adopt sustainable forest management practices

(Leichenko and Silva, 2014; World Bank, 2020). This raises a key question: can poverty

alleviation and forest conservation be pursued simultaneously? Despite its importance,

this relationship remains underexplored (Hubacek et al., 2017; Malerba, 2020).

To address this gap, I examine the impact of rural poverty alleviation on forest

conservation. In 2011, China launched targeted poverty alleviation programs across

11 priority regions based on county-level GDP and farmers’ income. The staggered

implementation of these programs provides a quasi-experimental setting to evaluate their

effects on forest cover. I use county-level classifications and high-resolution 30-m Land

Use and Land Cover (LULC) data, employing a generalized difference-in-differences

1



2
(DiD) approach to identify the effects.

The results indicate that rural poverty alleviation contributes to a 0.5% annual in-

crease in forest cover from 2011 to 2020. While spatial variations exist, the overall trend

consistently supports the positive effect of poverty alleviation on forest conservation.

The ecosystem service benefits of increased forest cover, estimated using the social cost

of carbon, are approximately five times the cost of implementing poverty alleviation

efforts, highlighting its cost-effectiveness. The primary mechanism driving this forest

expansion is cropland conversion, reinforcing the link between rural poverty and agri-

cultural land use. Additionally, relocation initiatives associated with poverty alleviation

reduce pressure on cropland, facilitating reforestation.

This study contributes to the literature by providing empirical evidence linking

poverty alleviation to forest conservation, diverging from previous research focused on

tropical forests (Alix-Garcia, McIntosh, et al., 2013; Malerba, 2020; Wunder, 2001).

It enriches discussions on inequality and environmental sustainability, supporting the

Environmental Kuznets Curve (EKC) hypothesis, which suggests environmental degra-

dation declines as income rises. It also highlights that poverty alleviation enhances

ecosystem services, demonstrating benefits that extend beyond economic welfare to

environmental gains. The findings offer valuable insights for policymakers seeking to

integrate poverty reduction with environmental sustainability.

Essay 2–Tree planting plays a critical role in environmental conservation, climate

change mitigation, and desertification control while also affecting local livelihoods

(Bond, Millar, and Ramos, 2020; Deininger et al., 2001; Di Sacco et al., 2021; Newmark

et al., 2017; Seymour, 2020). However, limited empirical evidence exists on the



3
economic consequences of large-scale afforestation, particularly its effects on local

economic development. It remains unclear whether afforestation fosters economic

growth or imposes opportunity costs, making this study crucial for refining global

afforestation strategies.

I examine the economic and ecological effects of large-scale tree planting in China, a

country facing severe environmental challenges (J. Liu and Raven, 2010). Over decades,

afforestation has been central to China’s environmental policies, making it the world’s

largest contributor to forest expansion, accounting for 25% of the global net increase

in leaf area from 2000 to 2017 (C. Chen et al., 2019; S. S. Peng et al., 2014). Given

the scale of afforestation, assessing its economic consequences is crucial for balancing

environmental restoration with rural development.

To estimate the direct effects of large-scale tree planting as a labor-intensive green

infrastructure project on local economic development, I focus on GDP from the primary

and secondary sectors. Additionally, I investigate its indirect effects on agricultural

production and GDP, considering the ecological benefits of afforestation, such as wind

erosion control and crop protection. I use the previous year’s precipitation as an

instrumental variable for tree planting, leveraging implementation rules from China’s

Three-North Shelterbelt Program. In arid and semiarid regions, where water availability

is the primary constraint, afforestation planning considers precipitation levels from the

preceding year. I provide evidence that higher precipitation leads to increased tree

planting in subsequent years.

The results indicate that, contrary to policymakers’ expectations, large-scale tree



4
planting does not stimulate local economic growth. Instead, I find statistically sig-

nificant negative effects on GDP from the primary and secondary sectors, likely due

to tree planting being a low-value economic activity compared to manufacturing and

agriculture. The substantial opportunity costs associated with afforestation—such as

land use restrictions and labor reallocation—may further hinder economic expansion.

These findings align with research highlighting the role of governance and environmen-

tal conditions in shaping afforestation outcomes (Yirenkyi-Boateng, 2001; Zinda and

Z. Zhang, 2019).

In contrast, I find positive indirect effects on grain production, emerging six years

after afforestation. This aligns with findings from carbon sequestration programs in the

U.S. that show additional agricultural benefits from soil erosion reduction (Plantinga

and J. Wu, 2003). However, this effect is limited to plain agricultural areas and follows

an inverted U-shaped pattern, suggesting diminishing benefits as forests mature. I find

no evidence of changes in other agricultural outputs (e.g., cotton, oil crops, or meat

production) or GDP from the secondary sector.

Overall, large-scale tree planting negatively affects local GDP, with no evidence of

economic spillovers beyond grain production. While afforestation may offer long-term

environmental benefits, its economic trade-offs must be carefully considered. This

study contributes to the empirical literature on afforestation’s economic consequences

in developing countries, highlighting the hidden opportunity costs of large-scale tree

planting. Additionally, the findings contribute to research on nature’s contribution to

economic activity, particularly in the context of ecosystem services (Díaz et al., 2018).

Essay 3–Reforestation plays a crucial role in environmental conservation, climate



5
change mitigation, and rural economic development (Bond, Millar, and Ramos, 2020;

Deininger et al., 2001; Di Sacco et al., 2021; Newmark et al., 2017; Seymour, 2020).

Payments for Ecosystem Services (PES) programs have emerged as key policy tools

for promoting reforestation and curbing deforestation (Alix-Garcia and Wolff, 2014;

Zilberman, Lipper, and McCarthy, 2009). However, their long-term effectiveness

in improving rural livelihoods remains underexplored (Alix-Garcia and Wolff, 2014;

Zilberman, Lipper, and Mccarthy, 2008), as these programs must balance environmental

objectives with economic redistribution (Zilberman, Lipper, and Mccarthy, 2008). This

study examines China’s “Grain for Green” (GfG) program—one of the world’s largest

PES initiatives—to assess its impact on rural income and expenditure.

China’s GfG program, launched in the late 1990s to combat soil erosion, incentivizes

farmers to convert sloped cropland (>25 degrees) into forests or grasslands in exchange

for financial subsidies (Z. Feng, Yanzhao Yang, et al., 2005). The Notice of the China’s

State Council on Improving the Grain-for-Green Policy (2007) outlines subsidy rates of

105 RMB per mu annually in the Yangtze River Basin and 70 RMB per mu in the Yellow

River Basin. Participation is voluntary, allowing households to choose land conversion

types best suited to their needs. While the program has significantly increased forest

cover and enhanced soil and water conservation, its broader economic implications

remain unclear.

To address potential endogeneity concerns, such as reverse causality and omitted

variable bias, I use a Difference-in-Differences (DID) approach with staggered treatment

timing. I incorporate household- and individual-level controls, including landhold-

ing, agricultural inputs, and demographics, and validate the parallel trends assumption



6
through event study analysis. I also examine income distribution effects using quantile

regressions and assess within-village inequality using the Gini index. This approach

enables a robust analysis of GfG’s long-term economic and distributional impacts.

I find that GfG participation significantly increases rural income and expenditure,

primarily driven by farm income growth and government subsidies, while nonfarm

business income and local wages remain unaffected. Households shift land use from

staple crops to soybeans and cash crops, with soybean productivity improving. However,

higher-income households benefit more, leading to a modest increase in local income

inequality. Expenditure analysis shows increased spending on food, housing, and fuel,

reflecting improved living conditions. These findings underscore both the economic

benefits and distributional challenges of the GfG program.

This study contributes to the literature by providing a long-term, nationwide assess-

ment of GfG’s effects on rural livelihoods, addressing gaps in prior research focused on

short-term, localized impacts (Z. Feng, Yanzhao Yang, et al., 2005; Uchida, Rozelle,

and Jintao Xu, 2009). By decomposing income and expenditure, I identify key mecha-

nisms—land use change, agricultural diversification, and government transfers—driving

economic shifts. While the program successfully enhances rural incomes and living

standards, limited impacts on nonfarm income suggest that complementary policies,

such as financial access and vocational training, are needed to promote income diver-

sification and equitable benefit distribution. These findings offer valuable insights for

future PES policy design.



Chapter 2

Rural Poverty Alleviation and Forest

Conservation

2.1 Introduction

Eliminating extreme poverty and addressing climate change represent two of the most

significant global challenges of the contemporary era (IPCC, 2021; Nations, 2015; Sachs

et al., 2019; World Bank, 2020). In 2024, approximately 8.5% of the global population

lives in extreme poverty, equating to 692 million individuals subsisting on less than

US $2.15 per person per day1(World Bank, 2024). More than three-quarters of those

living in extreme poverty reside in rural areas (United Nations, 2023). Meanwhile, 2023

marked the hottest year on record, accompanied by unprecedented increases in ocean

heat, sea level rise, Antarctic sea ice loss, and glacier retreat, collectively highlighting
1At 2017 purchasing power adjusted prices.

7
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the escalating impacts of climate change (Lopez, 2024; NOAA, 2024; WMO, 2024).

Forest conservation has become increasingly important in combating climate change,

as forests play a critical role in regulating the Earth’s climate and mitigating global

warming. Nevertheless, poverty often drives deforestation and forest degradation, as

economically disadvantaged populations may lack the resources, knowledge, or incen-

tives required to adopt sustainable forest management practices (Leichenko and Silva,

2014; World Bank, 2020). Within this framework, poverty alleviation holds significant

potential to advance forest conservation by reducing reliance on forest exploitation and

promoting the adoption of sustainable practices. This dual dynamic raises a fundamen-

tal question: can the global challenges of poverty alleviation and forest conservation

be addressed concurrently? Specifically, can efforts to lift millions of people out of

poverty align with the goals of conserving forests? Despite its importance, the interplay

between poverty alleviation and forest conservation remains insufficiently examined in

the literature (Hubacek et al., 2017; Malerba, 2020).

I estimate the impact of rural poverty alleviation on forest conservation by utilizing

the rollout of a comprehensive poverty alleviation initiative launched in 2011 across over

100 counties within contiguous areas of extreme poverty in rural China. Using a gen-

eralized difference-in-differences empirical approach that incorporates high-resolution

(30m) land use and land cover data, I examine the effects of rural poverty allevia-

tion initiatives on forest conservation. The analysis reveals that the implementation of

these poverty alleviation programs led to a significant increase in forest share at the

county level, suggesting positive environmental spillovers associated with economic

interventions in impoverished rural areas. Additionally, my analysis shows that the
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implementation of rural poverty alleviation initiatives promoted land use transitions to-

ward forests, accompanied by a decline in deforestation—though this reduction was not

statistically significant. Although there is regional heterogeneity across contiguous ar-

eas of extreme poverty, the majority of areas exhibit positive outcomes from the poverty

alleviation initiatives, while the remainder show effects close to zero but statistically

insignificant.

In 2021, China declared success in its fight against extreme poverty, having lifted

165.67 million rural residents2 out of poverty in the past decade (World Bank, 2022).

To achieve this milestone, in 2011, the country designated 11 contiguous areas of

extreme poverty as the main battleground for a new phase of poverty alleviation efforts.

This designation was based on indicators closely linked to poverty levels, including

the three-year averages (2007-2009) of county-level per capita GDP, per capita general

budget revenue, and per capita net income of farmers. These areas include the Southern

Daxing’anling mountain area, Yanshan-Taihang mountain area, Liupan mountain area,

Qinba mountain area, Dabie mountain area, Wumeng mountain area, Wuling mountain

area, Western Yunnan border mountain area, Dian-Gui-Qian karst region, Luoxiao

mountain area, and Lvliang mountain area. Guided by the Outline for Poverty Alleviation

and Development in Rural China (2011–2020)3, poverty alleviation efforts were carried

out at the county level. The implementation of poverty alleviation programs at the

county level across these designated areas created a quasi-experimental variation that

can be leveraged to identify the impact of poverty alleviation on forest conservation.
2Using the extreme poverty line as incomes below US$1.90 per day, constant 2010 US dollars. Data

Source: National Bureau of Statistics of China https://www.stats.gov.cn/sj/ndsj/2021/indexeh.htm
3See in Chinese: https://www.gov.cn/gongbao/content/2011/content_2020905.htm

https://www.stats.gov.cn/sj/ndsj/2021/indexeh.htm
https://www.gov.cn/gongbao/content/2011/content_2020905.htm
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The counties within these 11 contiguous areas of extreme poverty, referred to as

poverty counties (or poverty-stricken or impoverished counties), serve as the central front

in China’s fight against extreme poverty. The designation of poverty counties plays a

pivotal role in China’s rural poverty alleviation efforts across different eras (World Bank,

2022). In 1986, as part of a strategic approach to poverty alleviation, China identified

the most vulnerable counties and designated them as state poverty counties. The list

was revised in 1994 and 2001 to better target poverty reduction efforts, and in 2011,

the term “poverty county” was officially changed to “key county for national poverty

alleviation and development work.” To maintain the treatment approach, counties within

these 11 contiguous areas of extreme poverty that were also classified as “key counties

for national poverty alleviation and development work” were excluded from the study,

as they had already begun implementing poverty alleviation measures prior to 2011.



11

Figure 2.1: Central Government’s Special Fund for Poverty Alleviation
Spending

Notes: This figure shows the main poverty alleviation programs and expenditures from the Chinese
Central Government’s Special Fund for Poverty Alleviation (in Billion USD) from 2011 to 2020. The
USD conversion from RMB is based on the exchange rate as of December 31, 2020, at 6.5250 RMB/USD,
as recorded by the Federal Reserve Bank of St. Louis.
Source: China Rural Poverty Monitoring Reports (2011-2021).

Poverty alleviation funds for designated poverty counties primarily come from both

central and provincial governments, with provincial governments often providing match-

ing funds based on central allocations. Since 2011, the fund has increased each year

from $4.05 billion to $22.40 billion, totaling $110.22 billion over the decade. These

expenditures encompass a range of targeted areas, including industrial development
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(45.0%), poverty alleviation relocation (19.8%), education support (11.4%), healthcare

support (8.1%), housing renovation (9.3%), infrastructure development (5.3%), and so-

cial security measures (1.4%). This comprehensive strategy aims to address immediate

needs while promoting sustainable economic growth in poverty counties.

This study employs two core datasets. The first dataset classifies counties into

two distinct groups: those newly designated as poverty counties in 2011 and those

that were not, with neither group having previously received such a designation. This

classification enables a sharp analysis of the impact of rural poverty alleviation. The

second dataset comprises Land Use and Land Cover (LULC) data, which provides

detailed insights into the distribution of various land use categories and their temporal

changes.

I employ a generalized difference-in-differences (DID) research framework that in-

corporates two dimensions of variation: the county’s designation as a poverty county

in 2011 and temporal variations in forest share, as captured by Land Use and Land

Cover (LULC) data. Under the parallel trends assumption, the treatment—namely, the

2011 poverty county designation—facilitates the estimation of the impact of poverty

alleviation policies on forest conservation outcomes. This empirical strategy addresses

several potential confounding factors. First, it accounts for county-specific characteris-

tics that remain constant over time (e.g., historical land use patterns or socio-economic

characteristics). Second, it controls for temporal shocks that affect all counties uni-

formly (e.g., national economic trends or policy changes). Third, it accommodates

differential yet smooth trends in land use change among counties that were designated

as poverty-stricken and those that were not.
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My primary findings indicate that rural poverty alleviation positively impacts forest

share. Rural poverty alleviation contributes to approximately a 0.5% enhancement in

forest cover during the post-period, specifically from 2011 to 2020. This aligns with

the existing literature. Ran et al. (2022) discovered that China’s poverty alleviation

considerably enhances the ecological environment quality of poverty counties in the

Qinghai-Tibet Plateau region, as evidenced by the use of the Remote Sensing Ecological

Index as an environmental metric. Malerba (2020) similarly observed positive effects

of poverty alleviation on forest cover through an analysis of the ”Familias en Acción”

program at the municipal level in Colombia, noting an annual increase of 0.5% in forest

area.Fan, Bai, and N. Zhao (2022) found that average annual normalized difference

vegetation index (NDVI) exhibited an increasing trend , increasing by 0.84% per year

from 2000 to 2019 in poverty counties of 14 contiguous areas of dire poverty.

This study contributes to the literature in several significant ways. First, it provides

evidence between poverty alleviation and forest conservation. The empirical results

from this study, centered on China, diverge from prior research that specifically targeted

tropical forests (Alix-Garcia, McIntosh, et al., 2013; Malerba, 2020; Wunder, 2001).

Second, this research contributes to the literature on inequality and environmental im-

pacts. Most existing studies suggest that inequality, particularly income inequality,

negatively impacts the environment, whereas reducing inequality can foster positive

environmental outcomes (Ajide and Ibrahim, 2022; Baek and Gweisah, 2013; Berthe

and Elie, 2015; W. Chen, S. Chen, and Yuping Tang, 2022; Heerink, Mulatu, and Bulte,

2001). This study provides additional evidence for this relationship: reducing income

inequality through poverty alleviation has positive environmental effects, as seen in
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increased forest cover. The results of this study also align with the classic Environ-

mental Kuznets Curve (EKC) hypothesis, which posits that environmental degradation

decreases as per capita GDP rises beyond a certain income threshold. In my research,

I observed an increase in forest cover following poverty alleviation, supporting the

EKC hypothesis in this context. Third, this research addresses a gap in the literature

on the relationship between poverty and ecosystem services, offering robust evidence

to enhance our understanding of how poverty alleviation impacts ecosystem services.

While many studies focus on how ecosystem services contribute to poverty alleviation

(Cao, Ouyang, and Jun Xu, 2022; Daw et al., 2011; Ferraro et al., 2015; Lehmann,

Martin, and Fisher, 2018) or examine the trade-offs between poverty alleviation and

ecosystem services (Jayachandran, 2023), this study shifts the perspective to assess the

direct effects of poverty alleviation on ecosystem services. Specifically, I calculated the

resulting carbon storage from both the direct increase in forest area and from land-use

changes driven by shifts in forest share, attributable to rural poverty alleviation. This

provides evidence that poverty alleviation has a positive effect on ecosystem services.

Additionally, when valuing carbon storage using the social cost of carbon, the estimated

value of carbon storage is five times the cost of poverty alleviation.

The remainder of this paper is organized as follows: Section 2.2 introduces the data

used in the analysis; Section 3 outlines the empirical framework; Section 4 presents and

discusses the regression results; Section 5 examines the underlying mechanisms; and

finally, Section 6 concludes with a discussion of the findings.
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2.2 Data

This section provides an overview of the primary datasets employed in the study.

Data collection includes information on contiguous areas of extreme poverty and land

use and land cover, such as forest share and other land use categories. Additionally,

socio-economic indicators at the county level, as well as environmental and geographic

variables, were gathered to provide a comprehensive dataset for analysis.

2.2.1 Contiguous Areas of Extreme Poverty

The initiative to implement poverty alleviation measures across contiguous areas of

extreme poverty, recognized as the focal regions in China’s campaign against extreme

poverty, was inaugurated in 2011. The Chinese government designated a total of 11

contiguous areas4 nationwide to address extreme poverty comprehensively. Among the

contiguous areas, 680 counties have been officially designated as poverty counties. Data

on poverty counties were sourced from the official website of China’s State Council5.

Among these poverty counties, some had already been designated as “key counties for

national poverty alleviation and development” or had implemented other specialized

poverty alleviation policies6 prior to 2011. I exclude counties that had already received

poverty alleviation interventions from the set of all poverty counties within contiguous

areas of extreme poverty. The treatment group ultimately consists of 106 poverty
4These areas include the Southern Daxing’anling mountain area, Yanshan-Taihang mountain area,

Liupan mountain area, Qinba mountain area, Dabie mountain area, Wumeng mountain area, Wuling
mountain area, Western Yunnan border mountain area, Dian-Gui-Qian karst region, Luoxiao mountain
area, and Lvliang mountain area

5The State Council of China website: https://www.gov.cn/gzdt/2012-06/14/content_2161045.htm
6Data sourced from China’s Poverty Alleviation Database: https://www.jianpincn.com/

https://www.gov.cn/gzdt/2012-06/14/content_2161045.htm
https://www.jianpincn.com/
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counties within 10 contiguous areas7 of extreme poverty. Figure 2.2 illustrates the

geographic distribution of these 106 poverty counties, while Figure 2.4 displays the

distribution across the 10 contiguous areas.

Data on the control group, comprising non-poverty counties 8 in 2011, was compiled

from the comprehensive list of counties available in the China County Statistical Year-

books (2001–2021), published by the National Bureau of Statistics of China.9 These

yearbooks provide comprehensive socio-economic information for all counties across

China, with further details discussed in Section 2.2.3. The control group was defined by

excluding all counties designated as poverty-stricken, encompassing both ”key counties

for national poverty alleviation and development” and counties located within contigu-

ous areas of extreme poverty. Consequently, the control group comprises relatively

affluent counties that were not classified as poverty counties in 2011, totaling 1,284

counties. The distribution of the control group is presented in Figure 2.2.

2.2.2 Land Use Land Cover Data

I establish my outcomes of interest using Land Use Land Cover data from China’s

Land-Use/Cover Datasets ( CLUDs), which provide detailed documentation of land-use

and land-cover patterns across China from 1999 to 2020. The CLUDs are derived from

remotely sensed products with a 30-meter resolution, generated through a combination
7This excludes the Lvliang Mountain area from the original 11 designated contiguous areas of extreme

poverty.
8Non-poverty counties are defined as those that are neither designated as "key counties for national

poverty alleviation and development" nor classified as poverty counties within the 11 contiguous areas of
extreme poverty.

9National Bureau of Statistics of China Website: https://www.stats.gov.cn/english/

https://www.stats.gov.cn/english/
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of human-computer interaction and interpretation of Landsat imagery (Yang et al.,

2021). The CLUDs utilize a classification system that includes nine major land cover

types: cropland, forest, shrub, grassland, water, snow and ice, barren land, impervious

surfaces, and wetland. Publicly accessible on Zenodo10, the CLUDs serve as the core

dataset for my analysis of land-use dynamics in China.

The outcomes of interest derived from the CLUDs include the shares of different land

uses and the shares of changes in different land uses. To illustrate the deriving process,

I use my baseline outcomes—forest share, along with forest gains and losses—as an

example. First, I collected the county border shapefile 11 from the National Platform

for Common GeoSpatial Information Services12. I then combined the county border

shapefile with the CLUDs (1999-2020) for each year. For each county and each year,

I calculate both the total area and the forest area. The forest share of a county in a

given year is calculated by dividing the forest area of the county in that year by the total

county area. Forest gains are derived by comparing land use and land cover between

any two years from 1999 to 2020, capturing land use changes over the study period

(2000-2020). Forest gains are defined as areas classified as forest in the subsequent year

that were not classified as forest in the previous year. The forest gains share of a county

in a given year is calculated as the total forest gains in that year divided by the total

county area. Using the same calculation method, I also determine the forest gains share

originating from the other eight land uses, including cropland, shrub, grassland, water,
10China’s Land-Use/Cover Datasets (CLUDs) can be downloaded from Zenodo https://zenodo.org/

record/5816591
11The official approval number of the county boundary map is GS (2020)4630.
12National Platform for Common GeoSpatial Information Services Website: https://www.tianditu.gov.

cn/

https://zenodo.org/record/5816591
https://zenodo.org/record/5816591
https://www.tianditu.gov.cn/
https://www.tianditu.gov.cn/
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snow and ice, barren land, impervious surfaces, and wetland. Similarly, forest losses

are calculated, including the forest losses share and the share of losses originating from

the other eight land uses. Forest losses are defined as areas classified as forest in the

previous year that were no longer classified as forest in the subsequent year.

The outcomes of interest derived from the CLUDs include the shares of different land

uses and the shares of changes in different land uses. To illustrate the deriving process,

I use my baseline outcomes—forest share, along with forest gains and losses—as an

example. First, I collected the county border shapefile13 from the National Platform

for Common GeoSpatial Information Services14. I then combined the county border

shapefile with the CLUDs (1999-2020) for each year. For each county and each year,

I calculate both the total area and the forest area. The forest share of a county in a

given year is calculated by dividing the forest area of the county in that year by the total

county area. Forest gains are derived by comparing land use and land cover between

any two years from 1999 to 2020, capturing land use changes over the study period

(2000-2020). Forest gains are defined as areas classified as forest in the subsequent year

that were not classified as forest in the previous year. The forest gains share of a county

in a given year is calculated as the total forest gains in that year divided by the total

county area. Using the same calculation method, I also determine the forest gains share

originating from the other eight land uses, including cropland, shrub, grassland, water,

snow and ice, barren land, impervious surfaces, and wetland. Similarly, forest losses

are calculated, including the forest losses share and the share of losses originating from
13The official approval number of the county boundary map is GS (2020)4630.
14National Platform for Common GeoSpatial Information Services Website: https://www.tianditu.gov.

cn/

https://www.tianditu.gov.cn/
https://www.tianditu.gov.cn/
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the other eight land uses. Forest losses are defined as areas classified as forest in the

previous year that were no longer classified as forest in the subsequent year.

Figure 2.2 illustrates forest share changes between 2011 and 2020 in treatment

and control groups, as described in Section 2.2.1. This period corresponds to the

post-poverty alleviation phase for the treatment group, i.e. the poverty counties in the

continuous areas of extreme poverty designated in 2011. Figure 2.2 shows that the

treatment group demonstrates more green, indicating an increase in forest share, while

the control group exhibits either more red or yellow, suggesting a decrease or no change

in forest share.



20

Figure 2.2: Distribution of Treatment Group and Control Group

Notes: This figure shows the differences in forest share between the treatment and control groups during
the post-period (2011-2020). The counties in the treatment group are outlined with navy borders, while
those in the control group have light blue borders. Green represents an increase in forest share, red
indicates a decrease, and yellow signifies no change. Black lines represent land borders, while light blue
lines indicate ocean borders.

2.2.3 Socio-economic Data

I use various socio-economic variables as control factors in this study. The data is

sourced from the China County Statistical Yearbooks (2001-2021), which cover the

period from 2000 to 2020 and are published by the National Bureau of Statistics of
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China (NBS). These yearbooks offer a comprehensive annual overview of each county,

detailing variables related to economic development, agricultural production, industry

and investments, education, health, and social welfare. The control variables include

population, government revenue and expenditure, GDP from the primary sector, GDP

from the secondary sector, and year-end savings deposits in financial institutions. All

monetary variables have been adjusted for inflation using China’s national Consumer

Price Index (CPI), with 2010 as the base year (2010=100), sourced from the NBS

website15.

2.2.4 Other Data

In this study, I also include additional data, either as outcomes of interest or as control

variables.

Other Outcomes of Interest. Other outcomes of interest include the average NDVI

per km2, planted forest share, and the number of rural villages. The NDVI data is

sourced from the US NASS’s MODIS Vegetation Index Products. Using the same

county border shapefile as described in Section 2.2.2, I clip the NDVI data to the

county level. The government-led planted forest share is defined as the planted forest

area divided by the total county area and is sourced from the China Forestry and

Grassland Statistical Yearbooks (2001-2021), published by the National Forestry and

Grassland Administration16. These yearbooks provide data on the area of government-

led planted forests for each year during the study period. The number of rural villages is
15National Bureau of Statistics of China (NBS) website: http://www.stats.gov.cn/english/
16Part of the China Forestry and Grassland Statistical Yearbooks can be downloaded from the National

Forestry and Grassland Administration website: http://www.forestry.gov.cn/c/www/tjnj.jhtml.

http://www.stats.gov.cn/english/
http://www.forestry.gov.cn/c/www/tjnj.jhtml
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calculated from the Statistical Area Codes and Urban-Rural Classification Codes, which

are published annually by the National Bureau of Statistics of China.

Other Control Variables. The other control variables include annual average rainfall,

relief degree of land surface17, average nighttime light intensity, and average annual wind

speed at the county level. The annual average rainfall is derived from the Precipitation

Dataset of China, provided by the National Earth System Science Data Center, National

Science & Technology Infrastructure of China18. Relief Degree of Land Surface is

a comprehensive representation of regional altitude and surface cutting from You, Z.

Feng, and Yanzhao Yang (2018)19. The nighttime light intensity data is sourced from

the NOAA’s Visible Infrared Imaging Radiometer Suite (VIIRS)20.

2.2.5 Descriptive Statistics

Table 2.1 presents the main county-level descriptive statistics for both the treatment

and control groups. It shows that the treatment group has a higher forest share and

higher forest share change, but a lower cropland share, population, government revenue,
17Relief Degree of Land Surface (RDLS) is a comprehensive measure of regional altitude and the

degree of surface dissection, with higher values indicating greater variation in elevation and surface
ruggedness. From You, Z. Feng, and Yanzhao Yang (2018), the equation is as follows:

RDLS =
Max(H)− Min(H)

ALT
× P(A)

A
,

where RDLS is the relief degree of land surface; ALT is the average elevation in a grid cell (m); Max(H)
and Min(H) represent the highest and lowest altitudes in this grid cell, respectively (m); P(A) is the area
of flat land (km2); and A is the total area of the extraction unit.

18National Earth System Science Data Center: http://www.geodata.cn
19The dataset can be downloaded from here: https://www.geodoi.ac.cn/WebEn/HTML_INFO.aspx?

Id=d663c880-600e-47c4-9df1-19d9c3f86e68
20Visible Infrared Imaging Radiometer Suite (VIIRS) Website: https:

//www.nesdis.noaa.gov/my-satellites/currently-flying/joint-polar-satellite-system/
visible-infrared-imaging-radiometer-suite-viirs

http://www.geodata.cn
https://www.geodoi.ac.cn/WebEn/HTML_INFO.aspx?Id=d663c880-600e-47c4-9df1-19d9c3f86e68
https://www.geodoi.ac.cn/WebEn/HTML_INFO.aspx?Id=d663c880-600e-47c4-9df1-19d9c3f86e68
https://www.nesdis.noaa.gov/my-satellites/currently-flying/joint-polar-satellite-system/visible-infrared-imaging-radiometer-suite-viirs
https://www.nesdis.noaa.gov/my-satellites/currently-flying/joint-polar-satellite-system/visible-infrared-imaging-radiometer-suite-viirs
https://www.nesdis.noaa.gov/my-satellites/currently-flying/joint-polar-satellite-system/visible-infrared-imaging-radiometer-suite-viirs
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expenditure, GDP (both primary and secondary sectors), savings deposits in financial

institutions, and nighttime light intensity. Appendix Tables A-2 and A-3 provide the

descriptive statistics for all other 64 land use changes for both the treatment and control

groups.
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Table 2.1: Descriptive Statistics

Treatment Group Contrl Group
Variable Mean SD Mean SD

Forest Share (%) 50.74 31.62 31.86 33.00
Forest Gains per km2 (%) 0.40 0.46 0.24 0.42
Forest Losses per km2 (%) 0.34 0.41 0.24 0.41
Forest Share Change (%) 0.06 0.59 0.00 0.54
Planted Forest Share (%) 1.58 1.48 1.25 2.11
Cropland Share (%) 35.92 24.55 48.04 28.87
Shrub Share (%) 0.86 1.63 0.19 0.78
Grassland Share (%) 9.42 20.97 7.42 18.22
Water Share (%) 0.64 1.47 2.66 5.26
Snow Share (%) 0.00 0.04 0.07 0.74
Barren Land Share (%) 0.11 0.64 2.89 13.28
Impervious Surface Share (%) 2.30 4.02 6.86 7.87
Wetland Share (%) 0.00 0.00 0.01 0.08
Carbon Storage Density (C ton/km2) 20156.30 7165.95 14826.26 8323.45
Average NDVI per km2 0.36 0.10 0.32 0.13
County Area (km2) 2505.59 1337.95 3362.43 9179.46
Population (Thousand) 475.21 300.41 554.67 357.76
Gov’t Revenue (Million USD) 49.26 56.94 162.02 328.52
Gov’t Expenditure (Million USD) 237.79 230.58 325.56 403.98
GDP Primary (Million USD) 235.99 203.11 333.38 294.55
GDP Secondary (Million USD) 373.63 396.94 1282.99 2091.20
Number of Rural Villages 190.88 133.30 205.81 162.92
Relief Degree of Land Surface 1.23 0.95 0.61 0.73
Savings Deposit (Million USD) 778.80 856.48 1616.85 2472.62
Average NTL Intensity per km2 0.08 0.16 0.46 1.33
Average Annual Precipitation (mm) 1024.56 365.40 993.32 471.70
Average Annual Wind Speed (mph) 3.87 0.97 4.80 1.28
Total Observations 2132 26193
No. of Counties 106 1284

Notes: This table presents county-level descriptive statistics for treatment and control groups, summariz-
ing land use, economic conditions, and environmental dynamics.
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2.3 Empirical Strategy

The central objective of this study is to identify the impact of poverty alleviation on forest

conservation. A simple correlation between poverty alleviation and forest conservation

is likely to be influenced by severe endogeneity concerns, making it unsuitable for

credible interpretation. To overcome these issues, I utilize the sharp rollout of the

poverty alleviation program across counties beginning in 2011, which offers quasi-

experimental variation. As discussed in the background section, I exclude counties in

ethnic minority areas from the analysis due to the presence of distinct support policies

that may independently affect forest outcomes. The final treatment group comprises 106

counties. For robust identification, the control group consists of never treated counties,

defined as wealthier counties that have never participated in the program. The treatment

variable is defined by enrollment in the state poverty alleviation program, which is a

central element of China’s poverty reduction strategy, as the program’s initiatives are

primarily implemented within these designated counties.

Using a generalized difference-in-differences strategy, I begin my analysis by esti-

mating a two-way fixed effects (TWFE) model as the baseline specification:

Yct = αc + δt + β × PovertyAlleviationct + Xct × ψ + ϵct, (2.1)

where Yct represents the outcome of interest, such as forest share (expressed as a

percentage of county area) in county c at year t; αc denotes region fixed effects, including

province, prefectural city, and county fixed effects; δt represents year fixed effects;

PovertyAlleviationct is an indicator that specifies whether county c participates in
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the poverty county program at time t; Xc represents a vector of county-level control

variables. I employ ordinary least squares (OLS) to estimate Equation 2.1, with standard

errors clustered at the county level.

Under the assumptions delineated in the preceding paragraph, the TWFE model

facilitates the mitigation of various potential biases that could compromise the validity

and robustness of the causal interpretation of the results. First, I can rule out concerns

that the findings are driven by time-invariant differences in forest cover across regions.

By including region fixed effects, I control for static differences. Second, I mitigate

concerns that results may be driven by trends in forest cover evolving similarly across

counties over time, unrelated to poverty alleviation efforts. The inclusion of year fixed

effects helps control for such temporal shocks, isolating the specific impact of the

poverty alleviation program on forest conservation.

Assuming parallel trends in forest cover between the treatment group (state poverty

counties designated in 2011) and control group (non-poverty counties in 2011), and

homogeneous average treatment effects across treated counties and over time, the coef-

ficient β captures the average treatment effect on the treated (ATT) of the enrollment

of state poverty counties on forest cover after the treatment. Figure 2.2 shows the

trends of forest share in the treatment group and control group during the post-period

(2011-2020).

The plausibility of the parallel trends assumption is the main concern. To examine

pre-treatment parallel trends, I conduct an event study using the following specification:

Yct = αc + δt + βk ×
9

∑
k=−11

Dk(ct) + ϵct, (2.2)
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where Yct is my outcome of interest, and Dk(ct) is a set of indicator variables that take

a value of one if poverty alleviation is implemented in county c in year t.

To assess heterogeneity of effects, I incorporate an interaction term into the baseline

specification 2.1, capturing whether a county is part of a contiguous area of extreme

poverty. This approach allows us to examine whether the impacts of poverty allevia-

tion programs vary based on the county’s geographical characteristics. The modified

empirical specification is:

Yct = αc + δt +
10

∑
r=1

(βr × Poverty Alleviationct × Regionc) + Xct × ψ + ϵct, (2.3)

where Regionc represents an indicator variable identifying whether county c is classified

as one of the 10 contiguous areas of extreme poverty. Standard errors are again clustered

at the county level.

2.4 Results

2.4.1 Baseline Results

Baseline Estimates. I find that poverty alleviation significantly increases the share of

forest area (measured as a percentage of land area in a county). Table 2.2 presents the

estimates of β from Equation 2.1, utilizing various levels of fixed effects and control

variables. The results consistently indicate a significant positive impact of poverty

alleviation across all model specifications.
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Table 2.2: Baseline Results: Forest Share

Forest Share

(1) (2) (3) (4)

Post-Poverty Alleviation 0.1330∗∗∗ 0.0640∗∗∗ 0.0057∗∗ 0.0054∗∗
(0.0248) (0.0172) (0.0026) (0.0027)

Marginal Forest Area (km2) 439 211 19 18
Mean County Area (km2) 3298 3298 3298 3298
Observations 28,305 28,304 28,300 23,467
R-squared 0.544 0.820 0.998 0.998
Province FE ✓
Prefectural-City FE ✓
County FE ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓

Notes: This table presents the results of the Two-Way Fixed Effects (TWFE) regressions analyzing the
impact of poverty alleviation on forest share at the county level. The dependent variable, denoted as
Forest Share, is defined as the proportion of forested land area to the total land area within a county,
serving as a measure of the relative extent of forest coverage. Column 1 includes province and year fixed
effects, column 2 incorporates prefectural-city and year fixed effects, column 3 adds county and year fixed
effects, while column 4 includes county and year fixed effects with additional control variables. Standard
errors, shown in parentheses, are clustered at the county level. Control variables include total population,
value-added of the primary and secondary sectors, relief degree of land surface, number of social welfare
agents, government revenue, government expenditure, deposits and loans balance of financial institutions,
mean nighttime light intensity, annual rainfall, square of annual rainfall, average annual wind speed, and
square of average wind speed. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Event Study Figures. To assess the parallel trends assumption and investigate treat-

ment effects on forest share, I implement an event-study regression as specified in

Equation 2.2. Figure 2.3 presents the event-study estimates, revealing that poverty

alleviation leads to a significant increase in forest share.
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Figure 2.3: Effects of Rural Poverty Alleviation on Forest Share: Before
and After Intervention

Notes: Figure 2.3 presents the results of the event-study regression on forest share. The horizontal axis
represents time periods, while the vertical axis shows the estimated effects on forest share, expressed as
a percentage of county land area. The figure includes 95% confidence intervals for each estimate.

2.4.2 Spatial Heterogeneity

I also examine spatial heterogeneity of the treatment effect across 10 distinct mountain-

ous areas included in the study. The summary statistics for these areas are presented

in Appendix Table A-4. This analysis evaluates how the impact of poverty alleviation

varies across these geographic regions.
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Figure 2.4: Forest Gain and Loss in Different Mountainous Areas

Notes: Figure 2.4 shows differences in forest share in China during the post-period (2011-2020). The
circles with numbers represent different mountain regions. Green represents an increase in forest share,
red indicates a decrease, and yellow signifies no change.
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Table 2.3: Heterogeneity Effects: Forest Share

Forest Share

(1) (2) (3) (4)

Post-Poverty Alleviation ×
Wumeng Mountain Area 0.018 0.041 0.040∗∗∗ 0.038∗∗∗

(0.034) (0.030) (0.014) (0.014)
Liupan Mountain Area 0.042∗∗∗ 0.038∗∗∗ 0.040∗∗∗ 0.042∗∗∗

(0.010) (0.010) (0.010) (0.011)
Southern Daxing’anling Mountain Area 0.019∗∗∗ 0.019∗∗∗ 0.019∗∗∗ 0.019∗∗∗

(0.006) (0.006) (0.006) (0.006)
Dabie Mountain Area 0.019∗∗∗ 0.019∗∗∗ 0.019∗∗∗ 0.018∗∗∗

(0.006) (0.006) (0.006) (0.006)
Wuling Mountain Area 0.018∗∗ 0.020∗∗ 0.016∗∗ 0.017∗∗

(0.009) (0.010) (0.008) (0.008)
Dian-Gui-Qian Karst Region 0.018∗∗ 0.014∗ 0.015∗∗ 0.013

(0.009) (0.007) (0.007) (0.008)
Western Yunnan Border Mountain Area 0.004 0.006 0.006 0.006

(0.010) (0.009) (0.009) (0.009)
Yanshan-Taihang Mountain Area 0.025 0.047∗∗ 0.028∗∗∗ 0.029∗∗∗

(0.031) (0.020) (0.007) (0.007)
Qinba Mountain Area 0.044∗∗∗ 0.045∗∗∗ 0.043∗∗∗ 0.044∗∗∗

(0.009) (0.009) (0.009) (0.009)
Observations 28,305 28,304 28,300 23,467
R-squared 0.573 0.828 0.998 0.998
Province FE ✓
Prefectural-City FE ✓
County FE ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓

Notes: The dependent variable, forest share, is defined as the proportion of forested land area divided
by the total land area within a given county.Standard errors in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.
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2.4.3 Cost-benefit Analysis

Costs— The costs of rural poverty alleviation encompass both direct and indirect ex-

penditures. However, due to challenges in estimating indirect costs, the analysis is

limited to direct expenditures. Furthermore, because of data availability constraints,

only expenditures from central and provincial governments are included. As a result, the

overall cost estimate may be understated. The average annual expenditure on poverty

alleviation by the central and provincial governments is $15.96 billion over the study

period. Appendix Table A-1 presents detailed information on poverty alleviation expen-

ditures by central and provincial governments from 2011 to 2020, based on data sourced

from the Yearbook of China’s Poverty Alleviation and Development (2021)21 published

by the International Poverty Reduction Center in China. As outlined from Yearbook of

China’s Poverty Alleviation and Development (2021), the 832 designated poverty coun-

ties receive the majority of the allocated poverty alleviation funds. For the purposes

of this analysis, I assume that all poverty alleviation funds are allocated exclusively to

these counties. Under this assumption, the average poverty alleviation expenditure for

each county is approximately $0.01918 billion, or $19.18 million, representing the cost

of rural poverty alleviation in the treated group.

Benefits—I employ two approaches to quantify the benefits of forest conservation

resulting from rural poverty alleviation. The first approach assesses the costs associated

with reforestation programs, while the second estimates the value of ecosystem services

generated by forest conservation.
21The Yearbook of China’s Poverty Alleviation and Development (2021) can be downloaded from

the International Poverty Reduction Center in China website: https://yearbook.iprcc.org.cn/zggjfpzxnj/
index.shtml

https://yearbook.iprcc.org.cn/zggjfpzxnj/index.shtml
https://yearbook.iprcc.org.cn/zggjfpzxnj/index.shtml
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The cost of reforestation serves as a proxy to estimate the additional benefits asso-

ciated with rural poverty alleviation. This approach operates under the premise that,

in the absence of poverty alleviation efforts, reforestation programs would be required

to achieve comparable gains in forest cover. Thus, the analysis assumes that the im-

provements in forest cover observed as a result of poverty alleviation would otherwise

necessitate direct reforestation expenditures to produce similar outcomes. My findings

on the relationship between rural poverty alleviation and forest conservation suggest

that poverty reduction efforts can yield additional environmental benefits, specifically

through enhanced forest conservation. The analysis reveals a marginal increase in forest

area, with approximately 18 km2 of expansion per county following the implementation

of poverty alleviation measures. The cost of reforestation programs can be used as

a proxy for calculating the economic benefits of forest conservation. The most well-

known reforestation initiative in China is the Green for Grain Program, which provides

subsidies to rural farmers to convert sloped farmland into forested areas. Under the

policy since 2018, farmers receive a subsidy of 1,600 RMB per mu22 , which equates to

approximately $0.368 million per km2 23. Based on this cost, the additional benefits of

poverty alleviation can be estimated at around $6.6 million per county, corresponding

to a marginal increase of 18 km2 in forest area attributable to poverty alleviation efforts.

While this approach provides a measure of the direct benefits, it likely underestimates

the true value of forest conservation resulting from rural poverty alleviation.
22See in Chinese: http://www.forestry.gov.cn/main/4861/20211123/154111481329343.html
231 km2 = 1,500 mu; 1 mu = 666.67 m2. The exchange rate used is 6.5250 RMB/USD, as of December

31, 2020, as reported by the Federal Reserve Bank of St. Louis.

http://www.forestry.gov.cn/main/4861/20211123/154111481329343.html
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To provide a more comprehensive measure of the additional benefits of forest conser-

vation, I integrate the value of ecosystem services, or nature’s contributions to people,

generated by the increased forest cover resulting from rural poverty alleviation. Forests

play a key role in various ecosystem services, such as carbon storage and soil erosion

mitigation (Bonan, 2008; Dixon et al., 1994; Kumarasiri, Udayakumara, and Jayawar-

dana, 2022; Pan et al., 2011; Tiemann and Ring, 2022; Yu et al., 2022). In this analysis,

I focus specifically on carbon storage, given its critical importance in addressing climate

change. Forests serve as the primary carbon pool (Dixon et al., 1994; Pan et al., 2011),

and I use the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST)

model (Sharp et al., 2014), developed by the Natural Capital Project, to calculate carbon

storage. There are two approaches to estimating carbon storage resulting from forest

conservation outcomes. The first approach involves a straightforward calculation of

direct carbon storage based on the increased forest area and the carbon density of the

forest ecosystem. This method estimates the total carbon sequestered by multiplying

the additional forest cover resulting from rural poverty alleviation by the average car-

bon density per unit area. I use the carbon pool data from 2006 IPCC Guidelines for

National Greenhouse Gas Inventories (Penman et al., 2006) and 2019 Refinement to

the 2006 IPCC Guidelines for National Greenhouse Gas Inventories (Domke et al.,

2019). The Intergovernmental Panel on Climate Change (IPCC) identifies four primary

carbon pools in forest ecosystems—above-ground biomass, below-ground biomass, soil

organic carbon, and dead wood—each contributing to total carbon storage.

Table 2.4 provides detailed information on carbon pools across various ecosystems,

illustrating differences in carbon storage capacity. With the forest carbon pool having
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Table 2.4: Carbon Pools in Different Ecosystems
Ecosystem C Above C Below C Soil C Dead Total

(ton/ha) (ton/ha) (ton/ha) (ton/ha) (ton/ha)

Cropland 6 1.5 65 5 77.5
Forest 150 35 100 30 315

Shrubland 30 12.5 60 10 112.5
Grassland 6 11 115 5 137

Water 0 0 0 0 0
Snow 0 0 350 0 350
Barren 0 0 0 0 0

Impervious 0 0 0 0 0
Wetland 55 30 400 50 535

Notes: Table 2.4 presents carbon storage estimates across different ecosystems, based on the 2006
IPCC Guidelines for National Greenhouse Gas Inventories and its 2019 Refinement (Penman et al.,
2006; Domke et al., 2019) . It includes four primary carbon pools: above-ground biomass, below-
ground biomass, soil organic carbon, and dead wood, each measured in tons per hectare (ton/ha). The
table covers nine ecosystem types—cropland, forest, shrubland, grassland, water, snow, barren land,
impervious surfaces, and wetlands—revealing significant variations in carbon storage capacity. Forests
and wetlands demonstrate the highest total carbon storage, with substantial contributions from all carbon
pools, while snow-dominated areas exhibit high soil organic carbon due to accumulated organic matter.
In contrast, croplands and grasslands show lower overall carbon storage, primarily concentrated in soil
organic carbon. Ecosystems like water, barren land, and impervious surfaces contribute minimally
across all carbon pools. The total column aggregates the carbon storage for each ecosystem, providing a
comprehensive measure of carbon sequestration per hectare.



36
a total carbon density of 315 tons of carbon per hectare (tC/ha), an increase of 18

km2 in forest area can potentially sequester an additional 567,000 tons of carbon. The

Social Cost of Carbon (SCC) is a widely used benchmark for carbon pricing (Nordhaus,

2017; Ricke et al., 2018). Using the global SCC valued at $185 per ton ($44–$413 per

tCO2: 5%–95% range, 2020 US dollars) (Rennert et al., 2022), the additional benefits

of poverty alleviation are estimated at $104.90 million, equivalent to approximately 5.5

times the associated costs.

The direct carbon storage benefits from increased forest areas, however, do not

account for land-use changes, which may lead to an overestimation of carbon storage

attributable to poverty alleviation. As discussed in Section 2.4.4, rural poverty allevia-

tion, in relation to land uses other than forests, either exhibits no impact or fails to meet

the parallel trends assumption. This indicates that the impact of rural poverty allevi-

ation on land-use change is evident only through forests. Therefore, I rerun Equation

2.1, using average carbon storage density (measured in tons of carbon per km2) as the

outcome variable of interest, to estimate the overall effects of rural poverty alleviation

on carbon storage. I first use the InVEST model (Sharp et al., 2014) to estimate the

carbon storage across all land uses for each county. This total is then divided by the

respective county area, yielding the average carbon storage density. I also employ the

four specifications outlined in Section 2.4.1, incorporating province and prefectural city

levels, county fixed effects, and relevant controls.
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Table 2.5: Carbon Storage Results

Carbon Storage (ton C/km2)

(1) (2) (3) (4)

Post-Poverty Alleviation 3772.676∗∗∗ 1724.191∗∗∗ 214.786∗∗∗ 152.937∗∗
(608.833) (428.717) (59.952) (61.943)

Mean County Area (km2) 3298 3298 3298 3298
Observations 28,305 28,304 28,300 23,467
R-squared 0.522 0.814 0.998 0.998
Province FE ✓
Prefectural-City FE ✓
County FE ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓

Notes: This table presents the results of the Two-Way Fixed Effects (TWFE) regressions analyzing the
impact of poverty alleviation on forest share at the county level. The dependent variable is defined as the
average carbon storage density (measured in tons of carbon per km2),within a county. Column 1 includes
province and year fixed effects, column 2 incorporates prefectural-city and year fixed effects, column 3
adds county and year fixed effects, while column 4 includes county and year fixed effects with additional
control variables. Standard errors, shown in parentheses, are clustered at the county level. Control
variables include total population, value-added of the primary and secondary sectors, relief degree of
land surface, number of social welfare agents, government revenue, government expenditure, deposits and
loans balance of financial institutions, mean nighttime light intensity, annual rainfall, square of annual
rainfall, average annual wind speed, and square of average wind speed. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.

Similar to the baseline results, all results from the four specifications are positive

and significant at least at the 5 percent level. Column 4 of Table 2.5 presents the results

from the preferred specification, which includes year and county fixed effects, as well

as controls. The results from the preferred specification indicate an increase of 152.937

tons per km2 , attributable to the rural poverty alleviation. To further examine the

effects of rural poverty alleviation on carbon storage, Given the mean county area of

3,298 km2, the total increase in carbon storage is calculated as 504,386 tons, compared
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to 567,000 tons as estimated by the previous method. Using the global SCC valued

at $185 per ton as the carbon price (Rennert et al., 2022), the additional benefit of

poverty alleviation is estimated at $93.31 million USD, approximately 4.9 times the

cost of implementing rural poverty alleviation. In contrast, with a county-level China

SCC of $24 per ton(Ricke et al., 2018), the benefit is estimated at $12.10 million USD,

equivalent to 0.63 times the associated costs. These benefit estimates align closely with

calculations based directly on the increased forest area.

In summary, the benefit-cost ratios of rural poverty alleviation range from 0.3 to

5.5, underscoring its substantial environmental benefits. The estimated direct costs,

derived from central and provincial government expenditures, amount to $19.18 million

per poverty-designated county. These expenditures support poverty alleviation while

indirectly promoting forest conservation. Benefits include an average increase of 18 km2

in forest cover per county, with carbon sequestration as a key ecosystem service. Using

a global Social Cost of Carbon (SCC) of $185 per ton, carbon storage benefits are valued

at $93.31–$104.90 million, significantly exceeding costs.These results highlight rural

poverty alleviation as a cost-effective strategy for achieving both poverty reduction and

environmental sustainability. Table 2.6 summarizes the cost-benefit analysis findings.
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Table 2.6: Cost-Benefit Analysis Summary

Replacement Cost Method Carbon Storage Value (SCC)

PES Direct Carbon
for Forest Storage

Reforestation Expansion Density

Benefits (million USD) 6.6 104.90 93.31

Costs (million USD) 19.18

Ratio 0.3 5.5 4.9

Notes: The benefit-cost ratios of rural poverty alleviation range from 0.3 to 5.5. The estimated direct costs,
derived from central and provincial government expenditures, are $19.18 million per poverty-designated
county. These expenditures are allocated to poverty alleviation while also supporting forest conservation.
Benefits include an average increase of 18 km2 in forest cover per county, with carbon sequestration as a
primary ecosystem service. Using a global Social Cost of Carbon (SCC) of $185 per ton, carbon storage
benefits are valued between $93.31 million and $104.90 million.

2.4.4 Robustness Checks

In addition to the baseline results, several robustness checks were conducted. In this

section, I introduce two additional robustness checks, where the selection of both the

treatment and control groups is adjusted. Specifically, I compare the treatment group

with an already treated group that entered the program at an earlier stage. This approach

enhances the reliability of the findings by verifying whether the observed impact of

poverty alleviation remains consistent when using different comparison groups.

Forest Share Change—First, I use changes in forest share instead of forest share

itself as the outcome of interest to conduct a robustness check. Changes in forest share

represent the rate of increase in forest cover. Positive results in forest share change

indicate greater forest cover, with larger values reflecting a faster rate of increase.
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Following the specifications in the baseline analysis, I obtained positive results at the 1

percent level for all specifications. This aligns with the baseline results, which indicate

that poverty alleviation leads to an increase in forest share within the treatment group,

further supporting the event study results from the baseline analysis. As the duration

of poverty alleviation efforts extends, I observe an accelerated rate of increase in forest

share.

Table 2.7: Robustness Check: Forest Share Change

Forest Share Change

(1) (2) (3) (4)

Post-Poverty Alleviation 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗ 0.002∗∗∗
(0.000) (0.000) (0.000) (0.000)

Observations 28,305 28,304 28,300 23,467
R-squared 0.043 0.100 0.142 0.149
Province FE ✓
Prefectural-City FE ✓
County FE ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓

Notes: This table presents the results of the Two-Way Fixed Effects (TWFE) regressions analyzing the
impact of poverty alleviation on forest share at the county level. The dependent variable is the forest share
change, defined as the change in the proportion of forested land area relative to the total land area within
a county. Column 1 includes province and year fixed effects, column 2 incorporates prefectural-city and
year fixed effects, column 3 adds county and year fixed effects, while column 4 includes county and year
fixed effects with additional control variables. Standard errors, shown in parentheses, are clustered at
the county level. Control variables include total population, value-added of the primary and secondary
sectors, relief degree of land surface, number of social welfare agents, government revenue, government
expenditure, deposits and loans balance of financial institutions, mean nighttime light intensity, annual
rainfall, square of annual rainfall, average annual wind speed, and square of average wind speed. ∗

p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Other Land Uses—As an additional robustness check, the analysis is extended
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to encompass regressions on land uses beyond forests, following Equation 2.1 with

four distinct specifications. Consistent with the baseline results for forested areas, all

dependent variables of interest are expressed as a share of the total land area. Figure

2.5 presents the results of the regressions for other land uses. Most coefficients indicate

no significant effect, except for impervious surfaces, which exhibit a negative impact.

While cropland shows a relatively large effect size, the results are inconsistent across

the four specifications. In my preferred specification, the effect on cropland is not

statistically different from zero.



42

Figure 2.5: Effects on other land uses

Notes: Figure 2.5 depicts the treatment effects on shares of various other land uses,
including cropland, shrub, grassland, water, snow including ice, barren land, impervious
surface, and wetland.

Normalized Difference Vegetation Index—I use the Normalized Difference Vegeta-

tion Index (NDVI) as an alternative measure of vegetation cover to assess the impact of

poverty alleviation. NDVI is a widely used satellite-derived indicator that serves as a

proxy for changes in vegetation health and density. To address potential measurement
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errors, this alternative dataset enhances the reliability of the results by providing a more

comprehensive view of vegetation dynamics. This approach helps validate the findings

and minimizes the risk of bias due to data limitations or errors in measuring forest cover.

Table 2.8: Robustness Check Results: NDVI

average NDVI

(1) (2) (3) (4)

Post-Poverty Alleviation 0.051∗∗∗ 0.027∗∗∗ 0.009∗∗∗ 0.006∗
(0.008) (0.006) (0.003) (0.004)

Mean County Area (km2) 3298 3298 3298 3298
Observations 26,952 26,950 26,946 22,389
R-squared 0.361 0.650 0.828 0.834
Province FE ✓
Prefectural-City FE ✓
County FE ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓

Notes:This table presents the results of the Two-Way Fixed Effects (TWFE) regressions analyzing the
impact of poverty alleviation on forest share at the county level. The dependent variable is defined as the
average Normalized Difference Vegetation Index (NDVI) within a county, which serves as a proxy for
vegetation density and health. Column 1 includes province and year fixed effects, column 2 incorporates
prefectural-city and year fixed effects, column 3 adds county and year fixed effects, while column 4
includes county and year fixed effects with additional control variables. Standard errors, shown in
parentheses, are clustered at the county level. Control variables include total population, value-added
of the primary and secondary sectors, relief degree of land surface, number of social welfare agents,
government revenue, government expenditure, deposits and loans balance of financial institutions, mean
nighttime light intensity, annual rainfall, square of annual rainfall, average annual wind speed, and square
of average wind speed. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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2.5 Mechanisms

2.5.1 Forest Gains and Losses

To understand the mechanisms driving changes in forest cover, the analysis begins by

examining forest gains and losses, followed by an evaluation of their sources. These

sources include forest gains and losses from transitions involving cropland, shrubland,

grassland, water bodies, snow, barren land, impervious surfaces, and wetlands. Fol-

lowing Equation 2.1, four model specifications are applied: province fixed effects,

prefectural city fixed effects, county fixed effects, and county fixed effects with addi-

tional controls, with the latter serving as the preferred specification.

Figure 2.6 presents the results for total forest gains, losses, and the land use transitions

involving forests, each measured as a percentage of county area. The analysis primarily

emphasizes the preferred specification—county fixed effects with controls. The positive

effects of rural poverty alleviation on total forest gains are evident across all model

specifications with significance at least 5% level. This consistent result suggests that

poverty alleviation efforts may play a supportive role in promoting forest recovery and

reforestation initiatives.

In this specification, results highlighted in dark green indicate an effect size of

0.0012 for total forest gains, with statistical significance at the 1% level. In contrast,

forest losses show an effect size of -0.0003, which is not statistically significant. This

yields a net forest gain effect size of 0.0015, which is also statistically significant at the

1% level.
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In contrast, the analysis shows that forest losses to cropland have negative coeffi-

cients, though they are not statistically significant. This lack of significance suggests a

possible trend of forest loss from cropland expansion, yet this trend is not robustly sup-

ported by the data. For other land use changes, such as transitions involving shrubland,

grassland, and water bodies, the effect sizes tend to be minor. This contrast underscores

a distinct difference in the factors influencing forest gains versus forest losses. Addi-

tionally, the observed gap between forest gains and losses aligns closely with a baseline

value of -0.005. This proximity to the baseline highlights the stronger role of variability

in influencing the patterns of forest change.

Compared to the baseline results, these findings demonstrate greater consistency in

both effect size and significance level. The analysis underscores that increased forest

gains, rather than reduced forest loss, are the primary driver of forest conservation.

Among these gains, transitions involving cropland are particularly central. This focus

on forest gains arising specifically from cropland conversions highlights a targeted

mechanism, distinct from other possible channels, underscoring the significant role of

reforesting cropland in contributing to net forest gains.
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Figure 2.6: Effects on Forest Gains and Losses from Other Land Uses

Notes: Figure 2.6 displays the results for total forest gains, losses, and transitions between forest and other
land use types, all measured as a percentage of county area. The bars represent 95 percent confidence
intervals. Standard errors are clustered at the county level.

2.5.2 Government Forestation Program

The previous section establishes that forest gains are the primary driver of increased

forest cover. A plausible explanation for this trend could be the government’s implemen-

tation of forest restoration programs specifically targeting poverty-stricken counties. In
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this section, I examine this hypothesis; however, the findings indicate that this assump-

tion is not supported by the data. This suggests that the observed forest gains may arise

from factors beyond the scope of these targeted forest restoration interventions.

China has launched several forest restoration programs aimed at expanding for-

est cover, enhancing ecological resilience, and mitigating environmental degradation.

These initiatives include large-scale projects such as the Grain for Green Program, which

incentivizes farmers to convert marginal agricultural lands back into forests, and the

Natural Forest Conservation Program, which halts logging and promotes natural regen-

eration in critical areas. Additionally, the Three-North Shelterbelt Program, also known

as the ”Green Great Wall”, seeks to combat desertification by establishing an extensive

network of protective forests across northern China. Together, these programs boost

carbon sequestration, improve biodiversity, and contribute to sustainable development,

positioning China as a global leader in forest restoration efforts.
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Table 2.9: Government Forestation Program

Planted Forest Share from Gov’t Forestation Program

(1) (2) (3) (4)

Post-Poverty Alleviation 0.001 0.001 0.001 -0.000
(0.001) (0.001) (0.001) (0.001)

Mean County Area (km2) 3298 3298 3298 3298
Observations 23,017 23,015 23,012 19,375
R-squared 0.074 0.165 0.265 0.446
Province FE ✓
Prefectural-City FE ✓
County FE ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓

Notes:Table 2.2 presents the TWFE regression results examining the impact of poverty alleviation, with
a particular focus on the effect of participation in the program on forest conservation. The table provides
estimates of the coefficient β from equation (1), using forest cover at the county level as the outcome
variable. Columns 1 to 4 show regressions with different fixed effects: column 1 includes province fixed
effects, column 2 adds mountain region fixed effects, column 3 includes county fixed effects, and column
4 incorporates both county fixed effects and controls. Column 4 is the preferred specification.

I rerun Equation 2.1 using the same four model specifications as outlined in Section

2.4.1. Table 2.9 displays zero effects across all four specifications, suggesting that the

observed forest gains may stem from factors beyond the government-led reforestation

programs. In the following section, I continue exploring another channel that may

contribute to the observed forest gains.

2.5.3 Relocation

Relocation for poverty alleviation functions as a potential mechanism for forest con-

servation. Funding for designated poverty counties primarily comes from central and
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provincial governments, with provinces often matching central allocations. As shown

in Figure 2.1, key spending areas include relocating residents to economically viable

areas (urban centers or well-connected rural regions), supporting agriculture and related

industries, and enhancing education, healthcare, housing, infrastructure, and social se-

curity. However, aside from relocation, these initiatives are unlikely to encourage the

conversion of cropland to forests, which remains a key driver of forest conservation.

Figure 2.7 illustrates the satellite imagery and land use changes in a poverty-stricken

village before and after relocation.

Poverty alleviation relocation or relocation for poverty alleviation is a key aspect

of China’s rural poverty alleviation efforts. By relocating rural populations from areas

with harsh living conditions, this initiative fundamentally improves their living and

development environments. As shown in Figure 2.1, the average annual spending on

poverty alleviation relocation is approximately 2.1 million US dollars, accounting for

about 20% of the overall annual central government’s special fund for poverty alleviation

spending from 2011 to 2020. In this period, 13.54 million rural residents, accounting for

approximately 11.1% of the total, were lifted out of poverty through relocation to urban

areas or other rural villages with reliable transportation access within their original

counties. According to the Poverty Alleviation Relocation Plans (2011-2020)24, origin

areas of relocated rural residents are reclaimed as croplands or forests, providing a

potentially crucial channel for forest conservation. Although, according to the plan,

poverty alleviation relocation had been primarily implemented in contiguous areas of
24The official names are the 12th and 13th Five-Year Plans for Poverty Alleviation Relocation. They

can be downloaded from China’s National Development and Reform Commission Website: https:
//www.ndrc.gov.cn/xxgk/zcfb/tz/201209/W020190905511496633388.pdf and https://www.ndrc.gov.cn/
xxgk/zcfb/ghwb/201610/t20161031_962201.html

https://www.ndrc.gov.cn/xxgk/zcfb/tz/201209/W020190905511496633388.pdf
https://www.ndrc.gov.cn/xxgk/zcfb/tz/201209/W020190905511496633388.pdf
https://www.ndrc.gov.cn/xxgk/zcfb/ghwb/201610/t20161031_962201.html
https://www.ndrc.gov.cn/xxgk/zcfb/ghwb/201610/t20161031_962201.html
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Figure 2.7: Satellite Imagery and Land Use Changes in a Poverty-Stricken
Village Before and After Relocation

Notes: This figure presents the satellite imagery and land use changes observed in a poverty-stricken
village before and after relocation. The village under study is Tuoping Village, situated in Pihe Nu Ethnic
Township, Fugong County, Yunnan Province, China.
Source: The satellite imagery is sourced from Google Earth. The land use data corresponds to the land
use and land cover dataset employed in this study.
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extreme poverty, exact data on relocation, including population and expenditures at the

county level, is unavailable. Hence, I examine the poverty alleviation relocation channel

on forest conservation through the change in the number of rural villages.

Table 2.10: Changes in Rural Village Numbers

Number of Rural Villages

(1) (2) (3) (4)

Post-Poverty Alleviation 13.927 5.458 -7.426 -11.205∗∗
(10.561) (10.016) (5.429) (5.260)

Observations 15,027 15,026 15,013 14,077
R-squared 0.422 0.641 0.929 0.928
Province FE ✓
Prefectural City FE ✓
County FE ✓ ✓
Year FE ✓ ✓ ✓ ✓
Controls ✓

Notes: This table presents the results of Two-Way Fixed Effects (TWFE) regressions analyzing the impact
of poverty alleviation on the number of rural villages at the county level. The dependent variable, the
number of rural villages, serves as a proxy for the rural poverty population change in this analysis,
reflecting relocation of rural poverty population at the county level. Column 1 includes province and year
fixed effects, column 2 incorporates prefectural-city and year fixed effects, column 3 adds county and
year fixed effects, while column 4 includes county and year fixed effects with additional control variables.
Standard errors, shown in parentheses, are clustered at the county level. Control variables include total
population, value-added of the primary and secondary sectors, relief degree of land surface, number
of social welfare agents, government revenue, government expenditure, deposits and loans balance of
financial institutions, mean nighttime light intensity, annual rainfall, square of annual rainfall, average
annual wind speed, and square of average wind speed. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

The changes in rural village numbers reflect the relocation population at the county

level, which in turn can verify the impact of this relocation channel on forest conserva-

tion. I rerun Equation 2.1 with four distinct specifications, using the number of rural

villages at the county level as the outcome. Table 2.10 shows the estimated results. The
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results are not significant with only region and time fixed effects shown in Columns 1-3

of Table 2.10. When adding controls, the preferred specification — the one with county

and time fixed effects in Column 4 of Table 2.10 — shows a significant and negative

result. This indicates that, following poverty alleviation efforts, the number of rural

villages decreased in the treatment group compared to the control group.

Figure 2.8 shows the results of the event study. Due to data availability, the pre-

parallel trend is examined only up to two years before rural poverty alleviation. In the

first three years following rural poverty alleviation, the effect on the number of rural

villages remains zero. Then, in the subsequent two years, a positive effect emerges.

This is followed by a sustained negative effect over the next four years, continuing until

the final year of observation. Figure 2.8 confirms the pre-parallel trend and illustrates

the dynamic effects underlying the overall negative impact.
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Figure 2.8: Effects of Rural Poverty Alleviation on Number of Rural
Villages: Before and After Intervention

Notes: This figure presents the results of the event-study regression on the number of rural villages. The
horizontal axis represents the time periods, while the vertical axis shows the estimated effects on forest
share, expressed as a percentage of county land area. The figure includes 95% confidence intervals for
each estimate, illustrating the precision of the results over time.

From the event study, the negative effect of poverty alleviation on the number of

rural villages is robust. The parallel trend is confirmed. In the first three years following

poverty alleviation, the effect is zero. Then, in the subsequent two years, a positive

effect emerges. This phenomenon likely involves the establishment of new settlements

or divisions of existing ones, while the original village remains intact. This is followed

by a sustained negative effect over the next four years, continuing until the final year of
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observation.

With the findings on the negative effect of rural poverty alleviation on the number

of rural villages, which likely reflects the relocation of the rural poverty population, I

examine the correlation between the number of rural villages and forest share. Figure 2.9

illustrates the strong negative correlation (-0.96) between the average county forest share

and the number of rural villages in the treatment group in the post-period (2011-2020).

Figure 2.9: Correlation Between Number of Rural Villages and Forest
Share in the Treatment Group

In conclusion, for the mechanisms examined, evidence suggests that the effect of

rural poverty alleviation is likely driven by poverty alleviation relocation. I analyze

this relocation mechanism through changes in the number of rural villages. Both the
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overall analysis and the event study reveal a negative effect of poverty alleviation on the

number of rural villages. Additionally, changes in impervious surfaces further confirm

the reduction in rural villages following the implementation of rural poverty alleviation

in the treatment group. The negative correlation between the number of rural villages

and forest share completes the final step in demonstrating the mechanism.

2.6 Conclusion

In 2024, approximately 8.5% of the global population lives in extreme poverty, equating

to 692 million individuals (World Bank, 2024). More than three-quarters of those

living in extreme poverty reside in rural areas (United Nations, 2023). Climate change

is becoming increasingly severe, and 2023 marked the hottest year on record (WMO,

2024). It is urgent to address these two global challenges.

I conduct a human-forest-human analysis, linking rural poverty alleviation to forest

conservation. This approach addresses two global challenges: alleviating extreme

poverty and combating climate change. I provide quasi-experimental estimates of

the impact on forest conservation by exploring the implementation of rural poverty

alleviation across more than 100 counties in China. I find that rural poverty alleviation

has a positive impact on forest share, contributing to approximately a 0.5% increase

in forest cover during the post-period, specifically from 2011 to 2020. The annual

marginal effect equates to an 18 km2 increase in forest area. Although there is spatial

heterogeneity across different regions, almost all results consistently confirm the positive

effects of rural poverty alleviation.
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I further assess the contribution of increased forest share to human well-being by

accounting for its valuation of ecosystem services. Whether measuring the carbon stor-

age increase from the marginal effect of forest area alone or considering the land-use

changes underlying the increase in forest share, the value of marginal carbon stor-

age—estimated using the social cost of carbon—is approximately five times the cost of

poverty alleviation.

I provide additional evidence to explore the potential mechanisms. The effect on

forest conservation is primarily driven by forest gains converted from cropland, rather

than from other types of land use changes. This further suggests that the channel for

forest conservation operates through rural poverty alleviation, as most rural poverty is

linked to farming activities on croplands. By examining the changes in the number of

rural villages and the share of impervious surfaces, the evidence suggests that the results

are driven by relocation efforts associated with poverty alleviation.

This study contributes to the literature in three key ways. First, it provides evidence

linking poverty alleviation and forest conservation, diverging from previous studies

focused on tropical forests (Alix-Garcia, McIntosh, et al., 2013; Malerba, 2020; Wunder,

2001). Second, it adds to research on inequality and environmental impacts, showing

that reducing income inequality through poverty alleviation can increase forest cover,

aligning with the Environmental Kuznets Curve (EKC) hypothesis that environmental

degradation declines as income rises. Third, this study fills a gap in understanding

poverty alleviation’s direct effects on ecosystem services, offering robust evidence that

poverty reduction supports ecosystem benefits like carbon storage, with a value five

times the cost of poverty alleviation.
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This study links rural poverty alleviation to forest conservation, addressing poverty

and climate change together. Using a generalized difference-in-differences approach

with the poverty alleviation efforts across more than 100 counties in rural China, find-

ings show that poverty alleviation resulted in a 0.5% increase in forest cover (18 km2

annually) from 2011 to 2020. The value of this added carbon storage is estimated to be

five times the cost of poverty alleviation. Forest gains are primarily from cropland con-

version, suggesting that poverty alleviation supports conservation, especially through

rural poverty relocation. These findings highlight a sustainable development path where

poverty reduction and environmental conservation reinforce each other, enhancing rural

well-being and supporting global ecological goals.



Chapter 3

Economic and Ecological Effects of

Large-scale Tree Planting on Local

Economic Development

3.1 Introduction

Tree planting has been recognized as a means to conserve the environment, mitigate

climate change, combat desertification, and support local livelihoods (Bond, Millar,

and Ramos, 2020; Deininger et al., 2001; Di Sacco et al., 2021; Newmark et al., 2017;

Seymour, 2020). However, there remains a dearth of empirical evidence regarding the

economic outcomes of tree planting, particularly on a large scale. This lack of empirical

data leaves the question unanswered as to whether tree planting can effectively drive

local economic development or not. The limited empirical evidence regarding the

58
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economic consequences of tree planting holds significant implications for its adoption

as a global strategy to address environmental challenges and for the design of policies

such as payments for ecosystem services (PES).

This paper aims to examine the impact of large-scale tree planting, a commonly em-

ployed strategy to address environmental degradation, on local economic development.

The main objective is to assess the economic effects of implementing labor-intensive

green infrastructure projects, such as large-scale tree planting, on local economic devel-

opment in China. This approach not only generates substantial employment opportuni-

ties but also encourages public investments. The focus of this study is on evaluating the

influence of tree planting on the Gross Domestic Product (GDP) within the primary and

secondary sectors. Additionally, the secondary objective is to explore the ecological

effects of tree planting on agricultural production and GDP within the primary and

secondary sectors. These effects are examined to the ecological impacts of plantation

forests, which include preventing wind erosion and safeguarding crops.

My study focuses on the empirical context of China, a country that has demonstrated

strong political support and ambitious goals for tree planting over the past four decades.

China has faced significant environmental challenges, surpassing those of many other

nations (J. Liu and Raven, 2010). Large-scale tree planting has been a central component

of China’s environmental efforts for many years (S. S. Peng et al., 2014; Xi et al.,

2022). China boasts the largest forested area globally (S. S. Peng et al., 2014) and

has contributed to 25% of the global net increase in leaf area from 2000 to 2017 (C.

Chen et al., 2019). These endeavors have been spearheaded by the central government

and implemented at all levels of governance. The Three-North Shelterbelt Program
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(TNSFP), initiated by the Chinese government in 1978, holds a prominent position in

China’s large-scale ecological construction efforts. It is considered the world’s best

ecological project and encompasses regions in Northwest China, North China, and

Northeast China, collectively known as the Three-North region or Northern China. The

program aims to combat desertification and mitigate dust storms in the arid, semiarid,

and dry sub-humid areas of Northern China (Chu et al., 2019; Han Li et al., 2021).

Building on the early success of the TNSFP, additional tree-planting initiatives were

launched in the 1980s, including the Sand Source Control Program around Beijing and

Tianjin, the Nature Forest Conservation Program, and the Grain for Green Program.

These programs have significantly contributed to the acceleration of greening efforts in

the Three-North region. Over the past 40 years, the total area of tree planting in this

region has surpassed 46.14 million hectares, leading to an increase in forest coverage

from 5.05% to 13.57% by 2018 (CAS, 2018, October). Satellite imagery provides visual

evidence of the successful tree planting endeavors in Northern China (Macias-Fauria,

2018).

In addition to China, large-scale tree planting projects have been implemented

worldwide over the past century, particularly gaining momentum after 2000, with the

aim of environmental conservation and supporting local livelihoods. Notable examples

include the Great Plains Shelterbelt program initiated by the United States in 1934,

which later became the Prairie States Forestry Project. This project was a response

to the devastating dust storms of the Dust Bowl, which caused severe soil erosion and

drought. The shelterbelts planted throughout the Great Plains provide wind protection

for homes, farms, ranches, livestock, and crops, and serve as habitats for numerous
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wildlife species (Orth, 2007). Another significant initiative is the Great Green Wall of

the Sahara and the Sahel (GGWSSI) project led by the African Union, which commenced

in 2007. The objective of this project is to combat desertification in the Sahel region and

halt the expansion of the Sahara by creating a wall of trees stretching across the entire

Sahel (Campos-Filho, Junqueira, and Nicola Costa, 2014).In 2021, Vietnam approved

the "Planting one billion trees from 2021 to 2025" project. The primary goals of this

project are to protect the ecological environment, enhance the landscape, address climate

change, improve people’s quality of life, and foster sustainable development within the

country (Vietnam’s MARD, 2021). Increasing afforestation and reforestation efforts

are also recognized globally as part of Goal 15 of the United Nations’ Sustainable

Development Goals (United Nations, 2015).

Given the increasing global adoption of large-scale tree planting as a primary strategy

to combat climate change and achieve carbon neutrality in the coming decades, this

analysis holds valuable lessons for countries worldwide and researchers studying the

evolving dynamics of natural resources.

Examining the economic effects of large-scale tree planting as a green infrastructure

investment presents inherent challenges due to the intricate nature of the relationship

between infrastructure and economic output (Esfahani and Ramírez, 2003; Fedderke

and Bogetić, 2009). This analysis is further complicated by the presence of reverse

causality, where both large-scale tree planting and local economic development mu-

tually influence each other. Moreover, the selective implementation of tree-planting

initiatives in politically significant areas, such as minority-inhabited regions, frontier ar-

eas, and poverty-stricken areas in China, introduces unpredictable selection biases when
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comparing areas with and without tree-planting programs. Additionally, as large-scale

tree-planting activities are inherently intertwined with economic activity, it becomes

challenging to disentangle their specific effects on economic outcomes. Consequently,

conducting a comprehensive evaluation requires a meticulous approach, employing

robust research methods that address endogeneity, account for selection biases, and

carefully analyze the distinct contributions of tree planting to local economic develop-

ment.

In this paper, an instrumental variable empirical strategy is employed to examine

the economic effects of large-scale tree planting, with careful consideration given to

endogenous tree planting placement and potential confounding economic trends. The

study takes advantage of the implementation rules specific to the study area, namely the

Three-North region, where water availability poses a significant barrier to tree planting

due to its predominantly arid or semiarid nature. The artificial afforestation technical

regulations stipulate that afforestation construction design should be developed and

approved one year before the actual afforestation process, taking into account local

precipitation. Building upon this, the paper utilizes the precipitation levels of the

previous year as an instrumental variable to capture tree planting in the subsequent

year. The argument is made and supported by evidence that higher precipitation in the

preceding year leads to a greater number of trees being planted in the following year.

As a supplementary approach to the primary analysis, a fixed-effects strategy is

employed to estimate the economic effects of large-scale tree planting on specific eco-

nomic outcomes, namely GDP from the primary and secondary sectors. To account

for potential confounding factors and regional variations, county-level fixed effects and



63
prefecture-level city fixed effects are incorporated into the analytical framework. In the

context of China, it is important to note that a prefecture-level city comprises multiple

counties 1. This consideration allows for a more comprehensive and nuanced under-

standing of the relationship between tree planting and economic outcomes at both the

county and prefecture levels.

After estimating the economic effects of large-scale tree planting, the analysis shifts

focus to investigating the ecological effects of this strategy, particularly to improving

the local climate, controlling wind erosion, conserving water, and protecting crops.

Given the time required for fast-growing plantation trees to mature, as prescribed by

the Artificial afforestation technical regulations, the study considers six years as the

average growth age for exploring the ecological effects of tree planting in the t-6 year.

Additionally, to delve deeper into the ecological effects of tree planting on grain output,

a regression analysis is conducted, incorporating the forestation area as a percentage

of land area from year t-3 to year t-10. This approach allows for a comprehensive

examination of the broader impacts of tree planting on ecological and agricultural

aspects, shedding light on the potential benefits and considerations associated with

large-scale tree-planting initiatives.

Contrary to expectations of significant economic benefits, the results of this study

indicate that large-scale tree planting does not lead to accelerated local economies.

Instead, there is evidence of negative effects on local GDP from both the primary and

secondary sectors. This challenges the notion that tree planting is a high-value economic

activity compared to other sectors such as manufacturing and agriculture. Moreover, the
1According to the National Bureau of Statistics of China (https://data.stats.gov.cn/english/), there were

293 prefecture-level cities and 2844 counties in 2020.
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study suggests that the opportunity costs associated with implementing large-scale tree-

planting programs should not be overlooked. The findings align with the perspective of

Yirenkyi-Boateng (2001), who argue that inadequate attention to the conceptualization

and impact assessment of rural development projects, particularly to forestry practices,

can hinder their effectiveness. Additionally, Zinda and Z. Zhang (2019) emphasize the

influence of local governance behavior and environmental conditions on the contribu-

tions of afforestation and land-use patterns.These findings highlight the complexities

and trade-offs inherent in large-scale tree-planting initiatives. It is crucial to have a

comprehensive understanding of the economic implications of such projects and con-

sider the contextual factors that shape their outcomes. Policymakers and researchers

should carefully assess the costs and benefits associated with tree planting programs,

taking into account the specific socio-economic and environmental conditions of the

target area.

Regarding the ecological effects of large-scale tree planting, the study reveals that

after six years of initial tree planting, there is an increase in grain production. This

finding is consistent with research on a carbon sequestration program in Wisconsin,

USA, which demonstrates the additional benefits of reduced soil erosion in agriculture

(Plantinga and J. Wu, 2003). Additionally, the study uncovers an inverted U-shaped

relationship between the maturity of plantation forests and their ecological impact on

grain production. However, these effects are primarily observed in plain agricultural

areas, with no significant changes detected in other agricultural products such as cotton,

oil crops, and meat production. Furthermore, the study finds no overall effects on GDP

from the primary sector, but significant variations in different subregions. Importantly,
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there are no ecological effects on GDP from the secondary sector observed in the

analysis.These findings highlight the specific influence of large-scale tree planting on

grain production, particularly in plain agricultural areas. The lack of substantial effects

on other agricultural outputs and GDP from the primary and secondary sectors suggests

the need for careful consideration of the economic implications and regional variations

when implementing large-scale tree-planting initiatives.

In summary, the study reveals that large-scale tree planting has adverse effects on

local economic development, leading to a decrease in GDP from both the primary

and secondary sectors. After six years following tree planting, the main ecological

effect of mature plantation forests is limited to facilitating grain production, exhibiting

an inverted U-shaped relationship with the maturation of the forests. However, no

significant changes are observed in other agricultural outputs or GDP from the secondary

sector. These findings underscore the complexities and nuanced outcomes associated

with large-scale tree-planting initiatives, emphasizing the need for a comprehensive

understanding of their economic impacts and sector-specific considerations.

In conclusion, this paper makes valuable contributions to the existing literature in

several ways. Firstly, it adds to the growing body of empirical research on the economic

consequences of large-scale tree planting in developing countries. The findings highlight

the negative economic effects, indicating that such initiatives can have detrimental

impacts on the local economy. This sheds light on the cost considerations associated

with tree planting, encompassing both visible labor and material costs, as well as the

less tangible opportunity costs of dedicating substantial efforts to these programs.

Secondly, the study’s analysis of the ecological effects reveals that mature plantation
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forests can effectively enhance grain production six years after the initial tree plant-

ing. This finding contributes to the literature on nature’s contribution to people, as it

underscores the role of large-scale tree planting in promoting agricultural productivity.

The insights gained from this research further enhance our understanding of the intri-

cate relationships between tree planting, ecosystem services, and human well-being, as

explored in the literature on nature’s contributions to people (Díaz et al., 2018).

Overall, this paper provides important empirical evidence and insights into the

economic and ecological effects of large-scale tree planting, informing policymakers,

researchers, and practitioners involved in environmental management and economic

development.

The remaining sections of this paper are structured as follows: Section 2 provides an

introduction to the background of large-scale tree planting in Northern China. Section

3 discusses the relevant data used in the analysis. Section 4 presents the empirical

framework employed in the study. Section 5 presents the regression results and provides

a detailed analysis of the estimation findings. Finally, Section 6 concludes by discussing

the implications of the study’s findings and their policy relevance.

3.2 Background

China has undertaken extensive tree-planting efforts over the past four decades to com-

bat desertification and control wind erosion, primarily focusing on Northwest China,

North China, and Northeast China, collectively known as the Three-North region or

Northern China. In 1978, the Chinese government initiated the Three-North Shelter
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Forest Program (TNSFP), which marked the first large-scale tree-planting initiative.

The TNSFP aimed to establish a vast sheltered forest area in the Three-North region.

Subsequently, China implemented various other tree-planting programs to address the

escalating environmental challenges in this region.

Building upon the early success of the TNSFP, several additional tree-planting

programs were launched, including the Sand Source Control Program around Beijing

and Tianjin, the Forest Program for Nature Conservation, and the Grain for Green

Program. These programs were initiated in the 1980s and played a significant role in

accelerating the process of greening in the Three-North region. Over the past 40 years,

the cumulative tree planting in this area has surpassed 46.14 million hectares, resulting

in a substantial increase in forest coverage from 5.05% to 13.57% by 2018 (CAS, 2018,

October). The Three-North region has emerged as a leader in the greening efforts of

China, as revealed by satellite imagery (Y. Zhang et al., 2015) and highlighted in Figure

3.2, which illustrates the average forestation area in counties within and outside the

Three-North region.
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Figure 3.2: The County Average Forestation Area in and outside the

Three-North Region (2002-2019)

Notes: The study area for this research is focused on the Three-North region, which
includes Northwest China, North China, and Northeast China. The comparison is made
between this specific region and other regions within China. The data used in this
study is derived from the China Forestry and Grassland Statistical Yearbooks, covering
the period from 2002 to 2019. The author conducted the analysis and created the
comparison based on the data obtained from these sources.

The Three-North region serves as a unique battleground for tree planting in China

due to its challenging ecological conditions. The region has been plagued by environ-

mental disasters such as drought, sandstorms, and soil erosion, which have significantly
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hindered economic and social development, leading to long-term poverty and backward-

ness among its inhabitants. This situation presents a major challenge to China’s overall

economic growth.In the majority of the Three-North region, the annual precipitation

is less than 500 mm, and approximately 85% of the land is classified as desert-type,

encompassing arid and semiarid lands spanning over 1.6 million km2 (X. M. Wang

et al., 2010). Furthermore, the area is heavily affected by soil erosion, with an estimated

erosion area of 554,000 square kilometers, particularly prominent in the Loess Plateau

Hilly and Gully Area (Chang et al., 2012). The region is also subjected to severe

sandstorms caused by winds originating from Siberia on an annual basis (X. Liu et al.,

2004).

Large-scale tree planting plays a decisive role in improving the ecological envi-

ronment of this region. Overall, TNSFP aims to combat desertification, control wind

erosion, and protect crops by planting trees in the wasteland. In addition, according

to the Three-North Shelter Forest Program Planning2, there are different focuses in

different subregions. The construction of Soil and Water Conservation Forests is the

main focus in the Loess Plateau Hilly and Gully Area to control severe soil erosion. In

the Northeast and North China Plain Agricultural Area, the aim is to construct farmland

protection forests. The main goal in the Northwest Desert Area is to plant shelterbelt

forests to protect oases. In the Wind-blown Sand Area, the primary objective is to

combat desertification through tree planting.

Several regional or nationwide forest programs in the area also have different project

goals. The Sand Source Control Program around Beijing and Tianjin forest program
2This includes Three-North Shelter Forest Program Planning (Phase 4 and Phase 5) from China’s

National Forestry and Grassland Administration. http://www.forestry.gov.cn/

http://www.forestry.gov.cn/
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aims to reduce desertification and dust storms and improve the environment in the

upwind area of Beijing and Tianjin in this region (Shan et al., 2015). The Nature

Forest Conservation Program is a nationwide forest program that focuses on improving

the fragile and unstable ecological environment by conserving natural forests (Huang

et al., 2019). The Grain for Green forest program, another nationwide initiative, aims to

control the country’s soil erosion problems by converting sloping farmland into forests

(Deng, Shangguan, and R. Li, 2012).

To implement large-scale tree planting, China has issued several laws, such as the

Forest Law of the People’s Republic of China3, regulations, such as the Artificial Af-

forestation Technical Regulations, and guidance to manage and monitor tree planting

activities. Local governments are required to comply with the relevant laws, regula-

tions, and guidance and fulfill the assigned tree-planting tasks from higher government

authorities.

According to the Artificial Afforestation Technical Regulations, there are three

methods for forestation in China: artificial afforestation, aerial afforestation, and refor-

estation by closing mountains or hills. Among these methods, artificial afforestation

is the primary approach. The implementation of forestation by artificial afforestation

must adhere to the principle of selecting suitable tree species for specific locations. The

following criteria should be met:i. The planned land should have a soil layer of no less

than 30 cm. ii. The slope of the land should be gentle, generally below 25 degrees. iii.

The gravel content in the soil should generally be below 30%. Aerial afforestation is

employed in remote mountainous areas and sandy regions where the terrain is relatively
3Forest Law of the People’s Republic of China: https://english.mee.gov.cn/Resources/laws/

https://english.mee.gov.cn/Resources/laws/
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rugged. The altitude difference should not exceed the requirements for aircraft opera-

tion, and this method is suitable for afforestation in forests, barren hills, and wastelands.

Reforestation by closing mountains or hills focuses on areas with sparse forests, logging

sites, mountains, and steep slopes.

China has made significant investments in the implementation of large-scale tree-

planting initiatives. In 2018, the total forestation area exceeded 7.3 million hectares

across the country. According to the China Forestry and Grassland Development Report

(2018)4, the cumulative nationwide investment for tree planting reached 481.7 billion

RMB (US$74.10 billion) in the same year. It is worth noting that a portion of this

investment is allocated towards payments for ecosystem services.

3.3 Data

This subsection offers a concise overview of the primary datasets employed in the

analysis. To leverage the variation in large-scale tree planting at the county level,

I integrate county-level administrative data on such activities with various external

datasets encompassing socio-economic, meteorological, and topographic information

within northern China. As previously mentioned, the Three-North region exhibits the

most rapid growth in terms of tree planting. Consequently, the study concentrates on the

Three-North region, which comprises four subregions and spans 13 provinces. Figure

3.1 illustrates the geographical location of this study area and its four subregions.
4From China’s National Forestry and Grassland Administration: http://www.forestry.gov.cn/

http://www.forestry.gov.cn/
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3.3.1 Tree-planting Data

I collected county-level tree-planting data from the China Forestry and Grassland Sta-

tistical Yearbooks between 2002 and 2019 published by China‘s National Forestry and

Grassland Administration and stored in China National Knowledge Infrastructure. This

dataset includes forestation areas by different forestation methods, including forestation

by artificial afforestation, aerial afforestation, and reforestation by closing the moun-

tains or hills covering all more counties in China. I created several variables from these

measures. The annual forestation area (sq. km) in the county is calculated by summing

up the artificial afforestation area (sq. km), aerial afforestation area (sq. km), and

reforestation area (sq. km) by closing the mountains or hills in the county. I calculated

the annual forestation area (% of land area) by dividing the county’s annual forestation

area by the county’s land area multiplied by 1005. Similarly, I also calculated the annual

artificial afforestation area (% of land area), the annual aerial afforestation area (% of

land area), and the reforestation area (% of land area) by closing the mountains or hills

for the analysis.

Relevant program planning information is from China’s National Forestry and Grass-

land Administration Website6. Table 3.1 shows the descriptive statistics.

The county-level tree-planting data used in this study were obtained from the China

Forestry and Grassland Statistical Yearbooks published by China’s National Forestry and

Grassland Administration. These yearbooks are stored in the China National Knowledge

5The annual forestation area (% of land area) is calculated as the county’s annual forestation area (sq. km)
the county’s land area (sq. km) × 100.

6National Forestry and Grassland Administration Website Address: http://www.forestry.gov.cn
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Infrastructure (CNKI) 7, a prominent national research and information publishing

platform in China. The dataset includes information on forestation areas using different

methods, such as artificial afforestation, aerial afforestation, and reforestation by closing

mountains or hills. It covers numerous counties across China, providing comprehensive

coverage of tree planting activities.

From this dataset, several variables were derived for analysis. The annual forestation

area (measured in square kilometers) for each county was calculated by summing up

the areas of artificial afforestation, aerial afforestation, and reforestation by closing

mountains or hills within the county. To assess the scale of tree planting relative to

the county’s land area, the annual forestation area was expressed as a percentage. This

percentage was obtained by dividing the county’s annual forestation area (in square

kilometers) by the county’s land area (in square kilometers) and multiplying by 100.

Similarly, the annual artificial afforestation area, annual aerial afforestation area, and

reforestation area by closing mountains or hills were also calculated as percentages

of the respective county’s land area. These variables provide valuable insights into

the extent of tree planting activities at the county level and their relative proportions

compared to the land area.

Table 3.1 presents the descriptive statistics related to the variables used in the

analysis.
7China National Knowledge Infrastructure (CNKI) is a key national research and information publish-

ing platform in China, led by Tsinghua University, and supported by China’s Ministry of Education and
Ministry of Science. According to its introduction, CNKI provides professional software products and
services of various resources with unified search, unified navigation, online reading, and download, such
as Chinese academic literature, foreign literature, dissertations, newspapers, conference proceedings,
yearbooks, reference books, and so on. https://cdi.cnki.net.
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3.3.2 Socio-economic Data

The socio-economic data used in this study were obtained from the China County Sta-

tistical Yearbooks published by the National Bureau of Statistics of China (NBS) and

accessed through the CNKI website. These yearbooks provide comprehensive infor-

mation on economic development, agricultural production, industry and investments,

education, health, and social welfare and security at the county level. The variables

included in the dataset comprise county-level indicators such as GDP, GDP from the

primary and secondary sectors, county area (sq. km), population, government expen-

diture, loan balance in financial institutions, agricultural production (including grain

output, oil crops output, cotton output, and meat output), power of agricultural ma-

chinery per worker (kWh), student enrollment in primary and middle schools, and the

number of telephone users. These variables offer a holistic perspective for analyzing

the relationship between tree-planting activities and various socio-economic factors at

the county level.

I adjusted all the monetary variables for inflation using China’s national CPI

(2010=100) that is collected from the NBS’s website8. I also converted all the monetary

variables in Chinese Yuan into U.S. dollars using the 2010 average annual exchange rate

provided on the People’s Bank of China’s website9.
8National Bureau of Statistics of China (NBS)’s website: http://www.stats.gov.cn/english/
9People’s Bank of China’s website: http://www.pbc.gov.cn/en/

http://www.stats.gov.cn/english/
http://www.pbc.gov.cn/en/
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3.3.3 Meteorological and topographic data

I collected meteorological data, including annual precipitation and average land surface

wind speed, as well as topographic data indicating the relief degree of the land surface

(RDLS). The meteorological data are sourced from the China Meteorological Data

Service Center 10. The RDLS data, obtained from the Journal of Global Change

Data & Discovery11, provides a comprehensive representation of regional altitude and

surface roughness (You, Z. Feng, and Yanzhao Yang, 2018). RDLS is calculated using

the following formula: RDLS = altitude/1000 + [max(altitude) - min(altitude)] × [1 -

proportion of flat area / total area]/500. RDLS is an interesting parameter that has been

applied in various disciplines. For instance, Z. Feng, Yan Tang, et al. (2008) investigated

its influence on population distribution, while Yang et al. (2021) studied its impact on

urban street network complexity.
10China Meteorological Data Service Center website: https://data.cma.cn/en
11Journal of Global Change Data & Discovery: According to its website, the Journal of Global Change

Data & Discovery is sponsored by the Institute of Geographic Sciences and Natural Resources Research,
Chinese Academy of Sciences (IGSNRR/CAS) and Geographical Society of China, and co-sponsored
by CODATA Task Group of Preservation of and Open Access to S&T Data in Developing Countries
(CODATA-PASTD), Jomo Kenyatta University of Agriculture and Technology of Kenya (JKUAT), and
Digital Lin Chao Geomuseum.
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Table 3.1: Descriptive Statistics of Data Used in Analysis (2000–2020)

Variables Control Treatment Difference

Mean SD Mean SD

Forest Cover (%) 32.03 33.05 55.52 30.62 -23.49***

Reforestation (%) 1.22 2.08 1.53 1.46 -0.30***

County Area (Sq. km) 3520.30 9645.81 2846.78 1731.01 673.53***

Cropland (%) 47.55 28.84 30.93 22.63 16.62***

Barren (%) 2.95 13.39 0.12 0.69 2.84***

Population (Thousand) 553.14 360.08 437.39 279.15 115.75***

Gov’t Expenditure (Billion RMB) 1.99 2.25 1.44 1.25 0.55***

GDP (Secondary) per cap (RMB) 1.53 2.32 0.45 0.40 1.08***

GDP (Primary) per cap (RMB) 0.42 0.34 0.31 0.18 0.11***

Nighttime Light Mean Value 0.48 1.34 0.09 0.28 0.39***

Average Annual Precipitation (mm) 989.69 473.13 1053.70 358.34 -64.01***

Average Annual Wind Speed (KPH) 2.15 0.57 1.69 0.47 0.46***

Obs 23537 3006

No. of Counties 1277 163

Notes:The table presents mean values for Treatment Group (poverty counties designated in 2011 ) and

Control Grop (non-poverty counties in 2011)’s characteristics between 2000 and 2020.

3.4 Empirical Strategy

This section utilizes the aforementioned database to estimate the effects of large-scale

tree planting on local economic development in a cross-section of counties in northern

China. Specifically, it examines the impact on local GDP in the primary and secondary

sectors, as well as agricultural production.
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Measuring the effects of large-scale tree planting presents challenges for economists

due to at least two reasons. Firstly, tree planting, as an investment, is not exogenous to

rural economic development. The implementation of large-scale tree planting initiatives

creates substantial job opportunities for residents and can stimulate the growth of related

industries such as the tree seed industry. Secondly, plantation forests, which serve as

a technology to control wind erosion, require a considerable amount of time after tree

planting before they become fully functional.

3.4.1 Economic effects

My first objective is to estimate the economic effect of large-scale tree planting on

local economic development. Given that large-scale tree-planting initiatives in China,

particularly in Northern China, have been implemented for over four decades, it is now

possible to observe the resulting local economic development. In this study, I intend to

leverage cross-sectional variation to capture the short-term economic consequences of

large-scale tree planting on local economic outcomes across counties in China’s Three-

North region. To estimate the economic effect of local large-scale tree planting on local

economic development, I employ the following baseline specification:

Yct = β × Forestationct + Xct × ζ + γc + δt + ϵct. (3.1)

In Equation (3.1), Yct represents the outcome variable (GDP from the primary

and secondary sectors) for county c in year t. Forestationct indicates the tree planting

activities, such as the annual forestation area (sq. km), in county c in year t. Xct denotes
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other controlled variables, including population, K-12 students ratio, per capita loan

balance in financial institutions at the end of the year, hospital beds per capita, power of

agricultural machinery per capita, average relief degree of the land surface, precipitation,

and annual average wind speed. γc and δt represent the county or prefecture-level city

fixed effects and year-fixed effects, respectively. ϵct is the error term with a mean of

zero.

One of the critical challenges in identifying the economic effects of large-scale

tree planting is the issue of simultaneity. Large-scale tree planting can both influence

local economic development and be influenced by it, creating an endogeneity problem.

The relationship between forest cover and economic development exhibits a strong

interaction (Ewers, 2006). For instance, using satellite data on forest cover, Crespo

Cuaresma et al. (2016) finds that income per capita is a robust determinant of cross-

border variations in forest cover.

To address these identification challenges, I employ an instrumental variable ap-

proach by using precipitation in the previous year as an instrument for local tree planting

activity. This choice is motivated by the fact that tree planting plans for a county are

formulated based on the precipitation experienced in the year prior. The instrumental

variable strategy relies on the assumption that conditional on other controlled variables,

the precipitation in the previous year only affects the economic development of the next

year through the large-scale tree planting activity.

However, it is important to acknowledge a potential concern that, even when con-

sidering other controlled variables, the precipitation in the previous year could have

an impact on local economic development through channels other than tree planting.
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To address this concern, I run an additional specification using the following equation

(Equation 3.2) as an exogenous check on the instrumental variable, i.e., the precipitation

in the previous year:

Yct = βp × Precipitationct−1 + Xct × ζ p + γc + δt + ϵct. (3.2)

The analysis reveals that the precipitation in the previous year has minimal or

negligible effects on all the local economic outcomes of interest examined in this paper.

For further details on the results, please refer to Section 3.5.3.

Using the precipitation in the previous year as the instrumental variable, the system

of equations to be estimated is as follows:

Forestationct = α × Precipitationct−1 + Zct ×φ+ γc + δt + ϵct (3.3)

Yct = βiv ̂Forestationct + Xct × θ+ γc + δt + ϵct (3.4)

In Equation (3.3), Forestationct represents one of the measures for large-scale tree

planting, such as the annual forestation area in square kilometers. Additionally, to

account for the varying levels of exposure to large-scale tree planting within the local

economy, two alternative measures are used: the annual forestation area as a percentage

of land area and the annual forestation area per capita (measured in mu, where 1 mu =

1/15 ha).

Conditional on the validity of the instrumental variable, βiv captures the local

average treatment effect (LATE) of large-scale tree planting on county-level economic
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development. The equation (3.4) represents the outcome variable Yct as a function

of the estimated instrumental variable ̂Forestationct, along with other control variables

denoted by Xct. The county fixed effects γc, year fixed effects δt, and the error term ϵct

are included to account for unobserved heterogeneity and potential time-varying factors.

3.4.2 Ecological effects

To estimate the ecological effects of large-scale tree planting on local economic develop-

ment, I focus on the tree planting’s impact on local economic outcomes after six years.

In the Three-North region, fast-growing trees, with a growth cycle of approximately 4-8

years, are the primary species planted. Therefore, I consider six years as the average

growth cycle of plantation forests in the study area.

To account for the survival rate of planted trees, which is approximately 80%

according to the technical regulation for afforestation (State Forestry Administration

of the People’s Republic of China, 1982) and relevant guidance on tree planting, I

incorporate the survival rate into the following specification to be estimated:

Yct = βm f (Forestationct−6 × 80%) + Xct × η+ γc + δt + ϵct (3.5)

In Equation (3.5), the outcome of interest Yct is a function of the annual plantation

forest expansion area, i.e., 80% of the tree planting area in the year t-6, denoted as

Forestation Areat − 6. The vector Xct represents other controlled variables, such as

population, K-12 students ratio, per capita loan balance in financial institutions at the

end of the year, hospital beds per capita, power of agricultural machinery per capita,
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average relief degree of the land surface, precipitation, and annual average wind speed.

The county or prefecture-level city fixed effects are denoted by γc, the year fixed effects

by δt, and the error term by ϵct.

To account for potential spatial heterogeneity in the ecological effects of large-

scale tree planting, I introduce an interaction term between tree planting and different

subregions in Equation (3.6). The equation is as follows:

Yct = βmr(Forestationct−6 × 80%) · Subregioni + Xct × κ + γc + δt + ϵct (3.6)

In Equation (3.6), the outcome of interest Yct is determined by the interaction

between the annual plantation forest expansion area (80% of the tree planting area in

the year t − 6), denoted as Forestationct−6, and the subregion indicator Subregioni.

The subregion indicator takes the following values: 1 for the Loess Plateau Hilly

and Gully Area, 2 for the Northeast and North China Plain Agricultural Area, 3 for

the Northwest Desert Area, and 4 for the Wind-blown Sand Area. The locations of

these different subregions can be observed in Figure 3.1. The vector Xct represents

other controlled variables, including population, K-12 students ratio, per capita loan

balance in financial institutions at the end of the year, hospital beds per capita, power of

agricultural machinery per capita, average relief degree of land surface, precipitation,

and annual average wind speed. The county or prefecture-level city fixed effects are

denoted by γc, the year fixed effects by δt, and the error term by ϵct.By including the

interaction term in Equation (3.6), the analysis considers the potential spatial variation
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in the ecological effects of large-scale tree planting across different subregions.

3.5 Results and Discussion

3.5.1 Economic effects

Coefficients from ordinary least squares (OLS) and instrumental variable (IV) regres-

sions of local economic development are presented in Table 3.2 for GDP from the

primary and secondary sectors. The table reports estimated coefficients for various

measures of large-scale tree planting, along with robust standard errors for control

variables clustered at the county or prefecture-level city level.

Table 3.2 provides the results for GDP from the primary and secondary sectors.

In Columns 1-4, the regressions use the log of GDP from the primary sector as the

main explanatory variable. Columns 1-2 correspond to OLS estimates, while Columns

3-4 represent IV estimates. The first-stage F-statistics for the IV estimates range from

10.4423 to 28.5224, all exceeding the threshold of 10. Columns 1 and 3 include county

fixed effects, while Columns 2 and 4 include fixed effects at the prefecture-level city

level.

Panel A of the table presents the results for the annual forestation area in square

kilometers within a county. Only in Columns 2 and 4, which incorporate prefecture-

level city fixed effects, are the coefficients significant at the 5 percent level. However,

it is worth noting that the signs of the coefficients in Columns 2 and 4 differ between

OLS and IV regressions. This is expected since OLS estimates the average treatment

effect, while IV regression estimates the local average treatment effect (Imbens and
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Angrist, 1994). Another possible explanation for the differing signs between OLS and

IV estimates is the measure of tree planting used, which is forestation area in square

kilometers. This measure does not consider the relationships between forestation area

and land area within a county (as shown in Panel B of Table 3.2), or between forestation

area and population within a county (as shown in Panel C of Table 3.2), both of which

incorporate county-fixed effects.

The IV regression results indicate a significant positive relationship between an

increase in forestation area and local GDP from the primary sector. This aligns with

the intuition that tree planting, as an economic activity within the primary sector, can

increase local GDP from that sector, regardless of the relative relationships among

forestation area, total land area, and population. The coefficient in Column 4 represents

the local average treatment effect of large-scale tree planting on GDP from the primary

sector: an increase of one square kilometer in the tree-planting area leads to an approx-

imately 0.859% decrease in GDP from the primary sector within the same year. This is

considered the preferred estimate.

Panels B and C provide results for the annual forestation area as a percentage of land

area and the annual forestation area per capita (in mu) within a county, respectively.

In Columns 1-4 of both panels, all coefficients are negative, indicating a negative

correlation between large-scale tree planting and local GDP from the primary sector. The

coefficient (-0.293) in Column 4 of Panel B suggests that the conversion of one percent

of the land area into forests within a county leads to a 25% (1 − exp(−0.293) ≈ 0.25)

decrease in GDP from the primary sector. Similarly, the coefficient (-1.173762) in

Column 4 of Panel C indicates an increase of one mu in forestation area (according to
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the National Bureau of Statistics of China, the average arable land per capita is about 1.35

mu in China from 2002 to 2019) within a county leads to a 69% (1− exp(−1.173762) ≈

0.69) decrease in GDP from the primary sector.

In Columns 5-8 of Table 3.2, the regressions focus on the log of GDP from the

secondary sector as the main explanatory variable. Columns 5 and 6 present OLS

estimates, while Columns 7 and 8 present IV estimates. The first-stage F-statistics for

the IV estimates range from 9.90779 to 28.0664. Only the first-stage F-statistics in Panel

B (9.90779 and 9.91162) are slightly smaller than 10 but still very close to 10. Columns

5 and 7 include county fixed effects, while Columns 6 and 8 include fixed effects at the

prefecture-level city level.

Panel A of the table displays the results for the annual forestation area in square

kilometers within a county. Only in Column 8, which incorporates prefecture-level city

fixed effects, is the coefficient negative and significant at the 1 percent level. The sign

of the coefficient from OLS estimates is opposite to that from IV regression in Column

8, but it is not statistically significant. The signs of the coefficients in Columns 5 and 7

align with Column 8, but they are not statistically significant. The coefficient in Column

8 represents the local average treatment effect of large-scale tree planting on GDP from

the secondary sector: an increase of one square kilometer in the tree-planting area leads

to an approximate 3.658% decrease in GDP from the secondary sector within the same

year. This is considered the preferred estimate for GDP from the secondary sector.

Panels B and C present the results for estimating the effects of the annual forestation

area as a percentage of land area and the annual forestation area per capita (in mu) within

a county, respectively, on GDP from the secondary sector. Similarly, all coefficients
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in Columns 5-8 of both panels are negative, indicating a negative correlation between

large-scale tree planting and local GDP from the secondary sector. The coefficients in

Columns 5 and 6 of Panel B suggest that the conversion of one percent of the land area

into forests within a county leads to approximately a 1.4% or 3.1% decrease in GDP

from the secondary sector. The coefficients in Columns 5 and 6 of Panel C indicate that

an increase of one mu in forestation area per capita leads to about a 3% to 25% decrease

in GDP from the secondary sector. The coefficients in Column 8 of both Panel B and

Panel C demonstrate that one percent of land area converted into forests or one mu of

forestation area per capita increase leads to a significant proportionate decrease in GDP

from the secondary sector.

Contracting with the significant economic benefits anticipated by policymakers, it

is evident that large-scale tree planting does not lead to an acceleration of local GDP in

the primary and secondary sectors. My analysis reveals statistically significant evidence

suggesting a negative impact of large-scale tree planting on local GDP by sector. This

finding aligns with existing literature in the field.

For instance, Fan (2000) investigates the effects of investment in soil and water

conservation in India using state-level data from 1970 to 1993. The study concludes that

such investments have only modest effects on growth and poverty reduction. Similarly,

Yirenkyi-Boateng (2001) argues that rural development projects in underdeveloped

regions often fail to achieve their desired outcomes due to inadequate attention given

to the initial problem of conceptualization. In the case of rural forestry practices, this

lack of attention hinders the ability to assess their effects on the desired outcomes.

Furthermore, Zinda and Z. Zhang (2019) posits that the contributions of afforestation
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programs are contingent upon the behavior of local governance and environmental

conditions, which in turn shape different land-use patterns. These findings highlight the

dependence of afforestation outcomes on contextual factors. One possible explanation

for the observed phenomenon is that tree planting represents a low-value economic

activity compared to manufacturing or even agricultural production. Implementing

large-scale tree-planting programs entails significant opportunity costs.
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Figure 3.1: The location of the Three-North region and its subregions in
China

Notes: This Figure shows the location of the Three-North region and its four subregions, including the
Loess Plateau Hilly and Gully Area, Northeast and North China Plain Agricultural Area, Northwest
Desert Area, and Wind-blown Sand Area. This region covers 13 province-level prefectures, including
Heilongjiang, Jilin, Liaoning, Hebei, Shanxi, Shaanxi, Gansu, Qinghai provinces, Tianjin City, Beijing
City, the Inner Mongolia, Ningxia, and Xinjiang autonomous regions, as well as 600 counties between
2002 and 2019. The region is approximately 4,069,000 km2 in size, occupying more than 40% of the
total territory of China. The author created this Figure based on the original figure from the Fifth Phase
Project Planning of the Construction of the Three-North Shelter Forest System.
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Table 3.2: Economic Effects of Forestation Area on GDP from the primary and secondary sectors

Dependent Variables: Log GDP from the Primary Sector Log GDP from the Secondary Sector
OLS OLS IV IV OLS OLS IV IV
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Forestation area (sq.km)
Forestation area (sq.km) -0.00003 0.00038** -0.00057 -0.00859** -0.00022 0.00048 -0.00035-0.03658***

(0.000) (0.000) (0.001) (0.004) (0.000) (0.000) (0.003) (0.012)
R-squared 0.968 0.842 0.968 0.756 0.924 0.692 0.924 0.512
First-stage F 28.5224 14.1447 28.0664 13.7292

Panel B: Forestation area (% of land area)
Forestation area (% of land area)-0.009*** -0.017*** -0.027 -0.293** -0.014*** -0.031*** -0.015 -1.259***

(0.002) (0.005) (0.055) (0.138) (0.005) (0.009) (0.121) (0.442)
R-squared 0.969 0.842 0.968 0.755 0.924 0.692 0.924 0.581
First-stage F 10.5221 10.4423 9.90779 9.91162

Panel C: Forestation area (mu) per Capita
Forestation area (mu) per Capita -0.01037*-0.25159***-0.07367-1.73762***-0.03015**-0.25323***-0.05262-4.33138***

(0.006) (0.014) (0.136) (0.541) (0.013) (0.022) (0.295) (1.289)
R-squared 0.968 0.735 0.968 0.250 0.924 0.633 0.924 0.498
First-stage F 21.931 12.4059 21.7520 12.2591
Controls YES YES YES YES YES YES YES YES
County FE YES No YES No YES No YES No
Prefecture FE No YES No YES No YES No YES
Year FE YES YES YES YES YES YES YES YES
Observations 6,588 6,588 6,588 6,588 6,594 6,594 6,594 6,594

Notes: This table presents OLS and IV regression estimates from the main estimating equation of the direct effect of large-scale tree
planting on GDP from the primary and secondary sectors. I have three panels for three different measures of tree planting activities
including the annual forestation area (sq.km) in Panel A,annual forestation area (% of land area) in Panel B and annual forestation area
(mu) per Capita in Panel C.Mu is the unit of area used in China and 1 mu = 1/15 ha. Odd columns are with county-fixed effects, and even
columns are with prefecture-level city fixed effects. The prefecture-level city is a bigger division than a county in China; a prefecture-level
city usually consists of several counties. See Tables A-8, A-7, A-9 for details.Standard errors are in parentheses. *** p<0.01, ** p<0.05,
* p<0.1.
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3.5.2 Ecological effects

Table 3.3 presents the estimates of the ecological effects of tree planting on various

aspects of agricultural production, such as grain output, oil crops output, cotton output,

and meat output, as well as GDP from the primary and secondary sectors. These effects

are evaluated based on the ecological impacts of plantation forests, specifically after

six years of their growth. The table is divided into two panels: Panel A represents

the results of the pooled model, while Panel B presents the results of the regionally

disaggregated model.

Given the close relationship between agricultural production, GDP from the primary

sector, and land area, my analysis primarily focuses on the measure of tree planting,

namely the forestation area (% of land area). This measure gauges the extent to which

agricultural production and GDP from the primary and secondary sectors are exposed

to large-scale tree planting.

The first four columns of the table display the effects of mature forestation area (%

of land area) on agricultural production. The last two columns demonstrate the effects

of mature forestation area (% of land area) on GDP from the primary sector. Notably,

the results indicate that a one percent increase in forestation area after six years leads to

a statistically significant 1.4 percentage point increase in grain output overall. However,

the regional regression model reveals that this statistically significant effect is observed

specifically in the plain agricultural area, where it translates into an approximate 5

percentage point increase. This outcome aligns with the fact that the primary objective

of large-scale tree planting in the plain agricultural area is to protect farmland.

Interestingly, large-scale tree planting after six years has a negative impact on cotton
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production overall. Nevertheless, the coefficient of 0.613 in Column 2 demonstrates that

it results in an 85% increase in cotton production specifically in the plain agricultural

area. This finding is consistent with the results for grain production in the same area

significant effects on oil crops are observed, which might be attributed to the fact that oil

crops are less susceptible to wind erosion. In terms of meat production, no overall effects

are found. However, large-scale tree planting after six years does lead to a statistically

significant increase of approximately 3.1 percentage points at a 5% significance level in

the plain agricultural area.

In other areas, including hilly and gully areas, desert areas, and wind-blown sand

areas, large-scale tree planting does not have any statistically significant effects on

agricultural production.

To further investigate the ecological effects of tree planting on grain output, I

conducted a regression analysis using the specification outlined in Equation 3.5. The

regression considered the forestation area (% of land area) from year t − 3 to year

t − 10. Figure 3.3 presents the coefficients and their corresponding 95% confidence

intervals obtained from these regressions. The coefficients of forestation area (% of

land area) in years t − 4 to t − 8 were found to be statistically significant. Notably,

the magnitude of the coefficient in year t − 6 is approximately equal to the average

magnitude of the coefficients observed in years t− 4 to t− 8. This suggests a consistent

relationship between the maturation of plantation forests and their ecological effect on

grain production. Additionally, the relationship between the maturation of plantation

forests and their ecological effect on grain production exhibits an inverted U-shaped

pattern. However, the results were not statistically significant in years t − 3, t − 9, and
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t − 10. For more detailed estimates of these regressions, please refer to Appendix Table

A-12.

Column 5 of the regression results focuses on the log of GDP from the primary

sector as the main explanatory variable, while Column 6 examines the log of GDP

from the secondary sector. The findings regarding GDP from the primary sector are

noteworthy. Although no significant overall effects are observed, all four subregions in

the regional regression model exhibit significant coefficients at a 1% level of significance.

Specifically, in the Hilly and Gully Area, the impact of large-scale tree planting on GDP

from the primary sector is negative. A conversion of one percent of the land area into

mature forestation area leads to an approximate 1.2 percentage point decrease in GDP

from the primary sector. In contrast, in other areas, large-scale tree planting has positive

effects on GDP from the primary sector. These effects translate into an approximately

2.2 to 3.6 percentage point increase in GDP from the primary sector. On the other hand,

no effects are found on GDP from the secondary sector, both overall and regionally. This

aligns with the expectation that tree planting does not impact sectors such as logging

industries in the medium run.
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Table 3.3: Ecological Effect of Mature Forestation Area (% of Land Area) on Local Economic

Development
Log Agricultural Production Log GDP Log GDP

Dependent Variables: Grain Cotton Oil Crops Meat (Primary) (Secondary)
(1) (2) (3) (4) (5) (6)

Panel A: Full Sample

Mature planted forest area (% of land area) 0.014*** -0.059* -0.001 -0.003 0.001 -0.004
(0.005) (0.031) (0.016) (0.006) (0.003) (0.006)

Panel B: Subregions by Geography

(Mature planted forest area (% of land area)×Hilly and Gully Area 0.008 -0.131 0.008 -0.009 -0.012*** -0.004
(0.006) (0.144) (0.020) (0.007) (0.004) (0.008)

(Mature planted forest area (% of land area))×Plain Agricultural Area 0.050*** 0.613** -0.004 0.031** 0.036*** -0.016
(0.012) (0.275) (0.039) (0.013) (0.007) (0.016)

(Mature planted forest area (% of land area))×Desert Area -0.010 -0.112 -0.031 0.025 0.024*** 0.020
(0.014) (0.470) (0.067) (0.023) (0.008) (0.018)

(Mature planted forest area (% of land area))×Wind-blown Sand Area 0.007 -0.148 -0.042 -0.010 0.022*** -0.004
(0.012) (0.309) (0.043) (0.015) (0.008) (0.017)

Observations 2,820 1,497 1,412 1,497 4,003 3,996
R-squared 0.154 0.036 0.031 0.152 0.666 0.424
Number of cntyid 442 435 419 435 443 443
County FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Notes: This table presents the OLS regression estimates from the main estimating equation of the indirect effect of large-scale tree planting on agricultural production,
including grain,cotton, oil crops and meat outputs, and GDP by sector (primary and secondary sector). The variable of interest is the forestation (% of land area) in t-6 year
times the average survival rate of planted trees as the measure of mature plantation forests. Panel A shows the regression estimates for the full sample. Panel B shows the
regression estimates of regional models. See Tables A-10 and A-11 for details.Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 3.3: Estimates of the Ecological Effect of Forestation Area (% 0f
Land Area) in t-3 to t-10 year on Grain Output and their 95% Confidence

Intervals

Note: Figure 3.3 plots estimates of Forestation Area (% of Land Area) in t-3 to t-10 year and 95%
confidence intervals using the specifications in Equation 3.5. Other estimates of these regressions are
shown in Appendix Table A-12.

3.5.3 Robustness

This section aims to address identification and bias concerns raised in previous sections

by conducting various robustness tests. These tests provide additional evidence to
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support the validity and reliability of the findings.

One potential concern regarding the research design used to investigate the economic

effects of large-scale tree planting on GDP from the primary and secondary sectors is

the issue of selection bias in the instrumental variable (IV), which in this case is the

precipitation in the previous year. There is a possibility that the precipitation in the

previous year may not be relevant to tree planting in the subsequent year.

Table 3.4 presents the first-stage estimates for large-scale tree planting using Equation

3.3, with the outcome variables being the three measures of large-scale tree planting

used to estimate the economic effects. The coefficients associated with precipitation in

the previous year are positive and statistically significant at a 1% level. These findings

indicate that precipitation in the last year is strongly and positively related to tree planting

in the next year. In other words, higher levels of precipitation in the previous year are

associated with increased tree planting in the following year.

Furthermore, when comparing the sizes of the coefficients across columns, it can

be observed that they are very similar to the coefficients obtained when incorporating

county fixed effects or prefecture-level city fixed effects. This suggests that the positive

relevance of precipitation in the previous year to tree planting in the next year remains

consistent, irrespective of the inclusion of these fixed effects.
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Table 3.4: Large-scale tree planting:First Stage OLS Estimates

Dependent Forestation area Forestation area Forestation area
Variables: (sq.km) (% of land area) ((mu) per Capita)

(1) (2) (3) (4) (5) (6)

Precipitation 0.029*** 0.022*** 0.0007*** 0.0007*** 0.00004*** 0.00003**
(in t-1 year) (0.006) (0.006) (0.0002) (0.0002) (0.00001) (0.00001)

Controls YES YES YES YES YES YES
Observations 6,599 6,599 6,597 6,597 6,599 6,599
R-squared 0.567 0.380 0.583 0.455 0.568 0.388
County FE YES No YES No YES No
Prefecture FE No YES No YES No YES
Year FE YES YES YES YES YES YES

Notes:This table presents first-stage OLS estimates of the instrument variable used in the study, the
precipitation in the previous year. The dependent variables are three measures of tree planting activ-
ities including the annual forestation area (sq.km),annual forestation area (% of land area) and annual
forestation area (mu) per Capita in a county. Odd columns are with the county fixed effects and even
columns with prefecture-level city fixed effects. The prefecture-level city is a bigger division than a
county in China; a prefecture-level city usually consists of several counties.I also add control variables
in the regression. See Table A-6 for details. Standard errors in parentheses. *** p<0.01, ** p<0.05, *
p<0.1

To address the concern that precipitation in the previous year may have effects on

GDP from the primary and secondary sectors through channels other than tree planting

in the next year, I conducted an exogenous check on the instrumental variable. I

employed the following specification, Equation 3.2, to investigate this issue. The results

of this exogenous check on the instrumental variable are presented in Table 3.5.

The coefficients obtained from the analysis suggest that conditional on other con-

trolled variables, precipitation in the previous year has minimal effects on the local

economic outcomes examined in this study. Specifically, the coefficients for precipita-

tion in the previous year on GDP from the primary sector and GDP from the secondary



96
sector are statistically non-significant. This finding aligns with the identification as-

sumption made in the analysis.

One possible explanation for the negligible effects of precipitation in the previous

year on local GDP through channels other than tree planting is that the Three-North

region has adapted to the semi-arid and arid climate conditions, particularly concerning

the impact of precipitation in the previous year. However, it should be noted that

according to the technical regulation for afforestation (State Forestry Administration

of the People’s Republic of China, 1982) and relevant guidance on tree planting, the

precipitation in the previous year does influence tree planting in the subsequent year.

Table 3.5: Exogenous Check on Instrumental Variable

Log GDP Log GDP
Dependent Variables: (Primary) (Secondary)

(1) (2)
Precipitation in t-1 year -0.000009 -0.000007

(0.000) (0.000)
Constant 11.350*** 12.092***

(0.097) (0.203)
Controls YES YES
Observations 7,211 7,217
R-squared 0.965 0.919
County FE YES YES
Year FE YES YES

Notes:The table presented below displays the results of the exogenous check conducted on the instrumental
variable employed in the study, namely the precipitation in the previous year. The dependent variables in
this analysis are the measures of local economic development, specifically the Gross Domestic Product
(GDP) from the primary and secondary sectors within a county. The regression models include additional
control variables to account for potential confounding factors. See Table A-5 for details. Standard errors
in parentheses. *** p<0.01, ** p<0.05, * p<0.1



97
3.5.4 Limitations

The empirical analysis in this study is constrained by data limitations, preventing the

examination of the distinct effects of various tree-planting programs, such as the Green

for Grain program. This particular program aims to convert sloping farmland into forests

within the study area. Additionally, the absence of data on land use change precludes

the estimation of the effects associated with converting different land types, particularly

farmland, into forest land through tree planting. It is important to acknowledge that

diverse land use changes resulting from tree planting may yield varying impacts on local

economic development.

To address these limitations, future research can consider leveraging remote satellite

data and employing spatial econometric methods. Remote sensing technology can

provide valuable insights into land use changes, enabling a more comprehensive analysis

of the impacts of distinct tree-planting programs and land use conversions on local

economic development. Moreover, the incorporation of spatial econometric techniques

can account for the spatial interdependence among observations, yielding a more precise

understanding of the relationships between tree planting, land use change, and economic

outcomes. By adopting these approaches, researchers can overcome data constraints

and acquire deeper insights into the specific effects of different tree-planting programs

and land use changes on local economic development.

This paper primarily examines the short-run and medium-run effects of tree planting,

as data limitations prevent the estimation of long-run effects. However, it is important

to acknowledge that in the long run, tree planting can potentially impact GDP from the

secondary sector through the provision of wood as a source of energy or construction
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material.

According to a study by Ramage et al. (2017), it is projected that planted trees will

contribute up to 80% of global annual wood harvests by 2030. This highlights the

potential significance of tree planting in meeting the future demand for wood resources.

However, the specific long-run effects on GDP from the secondary sector are not directly

estimated in this paper due to the aforementioned data limitations.

Future research could explore the long-term impacts of tree planting on GDP from

the secondary sector by incorporating comprehensive data and considering the role of

wood supply in various industries. Understanding the long-run effects of tree planting

is essential for assessing the sustainability and economic benefits of such initiatives.

3.6 Conclusion

This study examines the economic consequences of large-scale tree planting as a strategy

to address environmental degradation. To provide a comprehensive and robust analysis,

a rich dataset of administrative data from China is employed. The study employs an

instrumental variable (IV) empirical strategy to estimate the economic impacts of tree

planting and utilizes fixed effects models to investigate the ecological effects.

Contrary to the anticipated substantial economic benefits, the findings reveal statis-

tically significant evidence of the negative effects of large-scale tree planting on local

GDP from both the primary and secondary sectors. This suggests that tree planting,

in comparison to manufacturing and agricultural production, is a low-value economic

activity with significant opportunity costs associated with its implementation.



99
Additionally, the study demonstrates that large-scale tree planting leads to an increase

in grain production after six years after the initial tree planting. Furthermore, an inverted

U-shaped relationship is observed between the maturation of plantation forests and their

ecological effects on grain production through ecosystem services. However, these

ecological effects are primarily limited to the plain agricultural areas. No significant

changes are observed in other agricultural production sectors, such as cotton, oil crops,

and meat production. Regarding GDP from the primary sector, no overall effects are

identified, although significant results are found when examining different subregions.

Similarly, there are no ecological effects observed on GDP from the secondary sector.

These findings highlight the complex dynamics and diverse impacts of large-scale

tree planting on local economies. The study emphasizes the importance of consid-

ering the economic value, opportunity costs, and regional variations associated with

implementing large-scale tree-planting programs.

The analysis presented in this study has important implications for ongoing policy

debates in two main areas. Firstly, the study provides credible empirical evidence on the

negative economic effects of large-scale tree planting. While such initiatives can create

significant employment opportunities and attract public investments to local economies,

the overall impact on GDP from the primary and secondary sectors is found to be

negative. This finding suggests that tree planting, in comparison to manufacturing and

even agricultural production, may be a low-value economic activity with substantial

opportunity costs. Policymakers and relevant stakeholders should carefully consider

the opportunity costs associated with large-scale tree-planting projects.

Secondly, the study highlights the benefits of mature plantation forests on grain
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production, aligning with the intentions of policymakers. However, these positive

effects are primarily observed in plain agricultural areas, with minimal effects in other

regions. This variation in effects may be attributed to differences in the main objectives

of tree planting programs in different areas. Furthermore, the study does not find

strong evidence to suggest that mature plantation forests have significant effects on

other crops or meat production. This raises concerns about potential inequities within

local communities resulting from large-scale tree-planting initiatives. Policymakers

need to acknowledge the heterogeneity of ecological effects related to tree planting and

address any potential equity issues that may arise.

Overall, this research provides valuable insights for policymakers by shedding light

on the negative economic effects of large-scale tree planting, the limited ecological

effects on specific agricultural sectors, and the importance of considering opportunity

costs and regional variations in implementing such programs.



Chapter 4

Payments for Ecosystem Services and

Rural Household Welfare: A

Comprehensive Analysis of China’s

Grain for Green Program

4.1 Introduction

China’s Grain for Green (GfG) program is the world’s largest Payments for Ecosystem

Services (PES) initiative (Gauvin et al., 2010; Hua et al., 2016). Since its implemen-

tation in 1999, the program has garnered significant attention, with numerous studies

examining its environmental and economic impacts (He et al., 2023; X. Wu, S. Wang, Fu,

X. Feng, and Chen, 2019; Zeng et al., 2022). Many studies highlight its environmental

101
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benefits, including reductions in soil erosion (H. Zhao et al., 2022), enhanced carbon se-

questration (Deng, Shangguan, and R. Li, 2012; X. Song et al., 2014), and improvements

in other ecosystem services (Xiaoqian Hu et al., 2021; Wang et al., 2007).Nevertheless,

its economic impact—particularly on participants’ welfare—remains debated (Giefer

and An, 2022; Treacy et al., 2018). Most existing studies focus on specific regions

(König et al., 2014), such as the Loess Plateau (Q. Li et al., 2018), or rely on case

studies (H. Peng et al., 2007; Wang et al., 2007), lacking a comprehensive national-level

assessment of its welfare effects (Z. Wu et al., 2021), primarily due to data limitations.

This paper addresses this gap by utilizing a detailed national dataset to conduct a com-

prehensive evaluation of the GfG program’s impact on rural household welfare across

China. Additionally, it investigates whether the GfG program affects income inequal-

ity and explores the underlying mechanisms in depth, resolving inconsistencies in the

existing literature. It offers insights into the program’s broader economic implications

and provides policy recommendations for improving PES design.

Following the catastrophic floods of 1998, the GfG program, also known as the

Sloping Land Conversion Program or the Conversion of Cropland to Forest Program,

was launched in 1999 as a pilot in three provinces and expanded nationwide in 2002

to combat severe soil erosion and environmental degradation. It incentivizes farmers

to convert steeply sloped croplands into forests or grasslands by providing financial

subsidies. According to China’s Regulations on Restoring Farmland to Forest (2002)1,

only sloping and desertified farmland with severe soil erosion and low, unstable grain

yields qualifies for conversion. Initially, farmers received both grain and cash subsidies,
1State Council of China, Regulations on Restoring Farmland to Forest, 2002, available at: https:

//www.gov.cn/gongbao/content/2016/content_5139491.htm

https://www.gov.cn/gongbao/content/2016/content_5139491.htm
https://www.gov.cn/gongbao/content/2016/content_5139491.htm
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with grain subsidies ranging from 100 to 150 kg per mu, depending on the region, and a

cash subsidy of 20 RMB per mu. The subsidy duration varied by land conversion type:

grassland restoration was subsidized for 2 years, economic forest restoration for 5 years,

and ecological forest restoration for 8 years.

Initially, the program primarily focused on environmental benefits, despite claims

of addressing household welfare. Jintao Xu et al. (2010) found that income effects

were not robust enough to support government claims of substantial economic gains,

particularly when assessing the program’s early years in 2003. To address potential

livelihood challenges for participating farmers, the GfG program underwent a major

policy reform in 2007, replacing its mixed grain-and-cash subsidies with a fully cash-

based compensation system. According to the Notice of the China’s State Council

on Improving the Grain-for-Green Policy (2007), annual payments ranged from 70 to

105 RMB per mu, depending on the region, with an additional 20 RMB allocated for

livelihood support. The subsidy duration remained unchanged: grassland restoration

continued for 2 years, economic forest restoration for 5 years, and ecological forest

restoration for 8 years. Participation remained voluntary, allowing rural households to

independently decide on enrollment and select land conversion options—such as forests,

orchards, or grasslands—based on their needs and ecological conditions. This flexible

approach enabled households to optimize land use while benefiting from financial

incentives and contributing to environmental restoration.

The GfG program serves as a pioneering model for environmental restoration, offer-

ing a valuable framework for evaluating the impacts of PES programs on rural household

welfare (Z. Feng, Yanzhao Yang, et al., 2005; Uchida, Rozelle, and Jintao Xu, 2009). Its
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voluntary participation structure, however,complicates causal inference, particularly due

to endogeneity concerns such as reverse causality, as poorer households are more likely

to enroll. To address these challenges, I leverage the program’s staggered participation

and employ a Difference-in-Differences (DID) approach with multiple treatment periods

to compare income and expenditure trends between participating and non-participating

households. Recognizing the importance of accounting for household heterogeneity in

the GfG program (Liang et al., 2012), I incorporate household- and individual-level con-

trols—including landholding, agricultural inputs, and demographic characteristics—to

mitigate pre-existing differences. To ensure the validity of my identification strategy, I

conduct an event study analysis to test the parallel trends assumption. Additionally, I

examine distributional effects across income and expenditure quantiles to assess whether

the program exacerbates inequalities or produces unintended consequences.

I find that the GfG program significantly improves rural households’ economic

welfare, leading to higher income and expenditure. Using a DID approach, I estimate

that participation increases household income by approximately 5.9% (about RMB

2,840 2) and expenditure by 5.2% (about RMB 1,8693). Event study analyses confirm

the parallel trends assumption, showing stable pre-trends and positive post-treatment

effects, though income gains fluctuate over time while expenditure remains more stable.

Quantile regression results indicate no significant impact across income distribution.

The main results align with the majority of the literature, indicating that the GfG
2This is based on the dependent mean and is equivalent to USD 438.42 based on the exchange

rate at the end of 2015. Exchange rate data is from the Federal Reserve Bank of St. Louis: https:
//fred.stlouisfed.org/series/DEXCHUS.

3Equivalent to USD 288.36 based on the end-2015 exchange rate. Source: Federal Reserve Bank of
St. Louis.

https://fred.stlouisfed.org/series/DEXCHUS
https://fred.stlouisfed.org/series/DEXCHUS
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program improves total household income without exacerbating income inequality. B.

Jin and H. Wang (2024) conducted a systematic review of empirical research on PES

programs and rural household income in China. Among the 28 studies reviewed,

24 examined the GfG program, with 15 reporting positive effects on total household

income. All 15 studies referenced are summarized in Table 4.1. Specifically, Uchida,

Jintao Xu, and Rozelle (2005) found that average household income increased after

participation through a before-and-after comparison of 144 participating households

from 16 randomly selected villages in two western provinces. Likewise, Jintao Xu et al.

(2010) conducted a comprehensive study on the GfG program in the Yellow River Basin,

covering Shaanxi, Gansu, and Sichuan provinces, and found that the program positively

impacted household income. A more recent study by J. Peng et al. (2022) used a

structural equation model to compare household income before (2000) and after (2014),

overlapping with this study on the GfG program, and also found that farm households

experienced income growth following participation. In addition to the main income

findings, 19 out of 24 studies report no evidence of the GfG program exacerbating

income inequality, as shown in Table 4.1.
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Table 4.1: Summary of the GfG Program’s Impacts on Household Income
in the Literature

Effects No. of Papers
Increased 15
Total Income (Uchida, Jintao Xu, and Rozelle (2005), X. Chen et al.

(2009), Yao, Guo, and Huo (2010), J. Li et al. (2011), W.
Yang et al. (2013), Lin and Yao (2014), C. Song et al. (2014),
Yin, C. Liu, et al. (2014), Zhen et al. (2014), Duan, Lang,
and Wen (2015), Chengchao Wang, Pang, and Hong (2017),
Yin, H. Liu, et al. (2018), Xujun Hu et al. (2020), Yu Yang
et al. (2020), J. Peng et al. (2022))

Increased 6
Agricultural Income (Jintao Xu et al. (2010), W. Yang et al. (2013), Lin and Yao

(2014), Zhen et al. (2014), Duan, Lang, and Wen (2015),
Yin, H. Liu, et al. (2018))

No evidence of 19
income inequality (Uchida, Jintao Xu, and Rozelle (2005)X. Chen et al.

(2009)Jintao Xu et al. (2010)Yao, Guo, and Huo (2010)J. Li
et al. (2011)Chunmei Wang and Maclaren (2012)W. Yang
et al. (2013)Lin and Yao (2014)C. Song et al. (2014)Zhen
et al. (2014)Duan, Lang, and Wen (2015)Hua Li et al.
(2015)Chengchao Wang, Pang, and Hong (2017)Yin, H.
Liu, et al. (2018)X. Wu, S. Wang, Fu, Y. Zhao, and Wei
(2019)Yu Yang et al. (2020)Lingchao Li et al. (2021)X. Wu,
S. Wang, and Fu (2021)Ying Wang et al. (2021))

Notes: This Table summarizes the GfG program’s impact on household income as documented in
the literature, revised from Table 1 of B. Jin and H. Wang (2024), which examines all Payments for
Ecosystem Services (PES) programs in China. Additional details are provided in Appendix Table
A-13.

The findings on household expenditure and income inequality provide a nuanced

comparison with existing literature, as summarized in Table 4.1. While most studies
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focus on income effects, relatively few examine the GfG program’s influence on house-

hold spending (Lu and Yin, 2020). Z. Liu and Henningsen (2016) found that GfG

participation increased total consumption only in certain regions.

To understand the mechanisms driving these effects, I analyze land use changes,

income sources, and expenditure patterns. First, I find that the program significantly

increases forested areas, aligning with its environmental objectives, while its impact

on orchard and pasture expansion is modest. Next, I decompose household income to

identify the primary drivers of economic change. The results show that GfG participa-

tion significantly increases farm income and government subsidies, with farm income

growth driven by a shift from staple crops—such as wheat, rice, and corn—to higher-

value activities like soybean and cash crop farming. This reallocation of land use,

coupled with improved soybean productivity, contributes to the observed income gains.

Additionally, government subsidies provide direct financial support, further boosting

household income. As documented by B. Jin and H. Wang (2024), 13 out of 24 studies

on the GfG program find no evidence of increased agricultural income (see Appendix

Table A-13). This may stem from the absence of long-term impact assessments or the

lack of comprehensive national-level analyses. For instance, Uchida, Jintao Xu, and

Rozelle (2005) examined only the years 1999 and 2000, focusing on two provinces

in western China, which restricts the ability to capture long-term shifts in agricultural

practices.

Beyond agricultural income, the GfG program’s economic impact appears concen-

trated in agriculture and government transfers, as non-farm business income and local

wage income remain largely unaffected. I also examine household expenditure patterns
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to assess how income gains are utilized. The results indicate that GfG participation

leads to significant increases in operating expenditures and living expenses, reflecting

higher spending on agricultural operations and daily consumption. A closer look at ex-

penditure decomposition reveals that households allocate more resources toward staple

and non-staple food, clothing, housing, and fuel, indicating improved living standards.

These findings highlight how the GfG program reshapes rural household economic be-

havior through land use changes, agricultural diversification, and government subsidies,

ultimately enhancing income and well-being.

This study contributes to the literature in several ways. First, it provides a national-

level analysis of the GfG program’s impact on rural welfare, whereas existing research

has largely focused on localized or regional effects and short-term outcomes (Z. Feng,

Yanzhao Yang, et al., 2005; Uchida, Rozelle, and Jintao Xu, 2009). This paper examines

GfG participants across 30 of the 31 provinces in mainland China, offering a more

comprehensive evaluation of the program’s broader economic implications.

Second, while most studies focus on income as the primary measure of household

welfare, this paper also examines expenditure effects, providing a more holistic perspec-

tive on how the program influences rural livelihoods. Lei et al. (2023) investigated the

impact of GfG on medical expenses, whereas this study extends the analysis to overall

household expenditure patterns, capturing broader economic implications.

Third, by decomposing income and expenditure effects, this study identifies key

mechanisms—such as land use changes, agricultural diversification, and government

subsidies—through which the program affects rural households. By systematically

analyzing these pathways, this paper enhances the understanding of how PES programs
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influence household welfare beyond aggregate income measures, offering insights into

both direct financial benefits and broader economic adjustments.

Given the above findings, policy recommendations should focus on enhancing the

GfG program’s effectiveness and equity. To maximize long-term benefits, policymakers

should introduce complementary measures that support income diversification, such as

improved access to financial services, agricultural technology, and vocational training.

Strengthening PES design through targeted interventions can further enhance income

gains, particularly by promoting high-value crop production. Additionally, ensuring

equitable benefit distribution is crucial, as lower-income households may face greater

challenges in improving their welfare post-participation.

The remainder of this paper is structured as follows. Section 2 describes the data

sources and key variables. Section 3 outlines the identification strategy, addressing

potential endogeneity concerns. Section 4 presents the main results, while Section

5 explores the decomposition of income and expenditure effects and examines the

underlying mechanisms. Finally, Section 6 concludes with policy implications and

directions for future research.

4.2 Data

I rely on China’s National Rural Fixed Point (NRFP) Survey, a longitudinal panel survey

initiated in 1986 and conducted by the Chinese Ministry of Agriculture. The NRFP

Survey provides comprehensive micro-level data at the village, household, and indi-

vidual levels, including detailed information on income, expenditure, and agricultural
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production. With its broad national coverage and long-term perspective, the NRFP

Survey has been widely utilized in empirical research on rural China (Banerjee, Duflo,

and Qian, 2020; Kinnan, S. Y. Wang, and Yongxiang Wang, 2018; Lingyan Li et al.,

2024).

For this study, I use NRFP survey data from 2009 to 2015 to ensure data consistency,

as the survey questionnaire underwent major revisions in 2009, and data availability is

limited beyond 2015. The year 2009 serves as the baseline, and only households

surveyed in that year are included in the analysis to maintain consistency. To define

treatment status clearly, I restrict the sample to households that began participating in

the GfG program in 2010 or later, excluding those that participated in 2009, as their

initial enrollment timing cannot be determined with certainty, given that GfG program

payments can last up to eight years. The final sample consists of 5,471 households across

all 31 mainland provinces of China. Figure 4.1 illustrates the participation dynamics of

these households over the study period. By the end of the period, 706 households had

enrolled in the GfG program, representing approximately 12.9 percent of the sample.



111

Figure 4.1: Household Participation in the GfG Program

Note: This figure illustrates the number of households that participated in the GfG program. The sample
consists of 5,471 households surveyed from 2009 to 2015, covering all 31 mainland provinces of China.
By the end of the period, 706 households had enrolled in the program, representing approximately 12.9
percent of the sample. Households that participated in the GfG program in 2009 were excluded to ensure
a clear treatment definition.
Source: China’s National Rural Fixed Point Survey

Table 4.2 and Table 4.3 provide a comparative analysis of rural household income

and expenditure between participants and non-participants in the GfG program. Table

4.2 presents summary statistics on household income, comparing participants and non-

participants in the GfG program. Total income is slightly lower among participating

households, averaging 45,528 RMB compared to 47,606 RMB for non-participants,

primarily due to lower farm income. However, participants receive higher government
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subsidies, including an average of 178 RMB in GfG-specific payments. Migrant wage

income is also slightly higher among participants, while local wage income and non-

farm business income remain comparable between the two groups. Regarding farm

income composition, participants earn less from staple crops such as wheat, rice, and

corn, consistent with the program’s objective of converting cropland into forests. In

contrast, forestry income is slightly higher among participants. Income from orchards,

cash crops, and livestock farming shows no significant differences, whereas fishery

income is notably lower for participants. Net income follows a similar pattern, with

participating households earning slightly less on average.
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Table 4.2: Summary of Household Income (RMB)
Participation Non-Participation

Mean SD Mean SD
Incomes

Total Income 45,527.61 58,417.79 47,606.05 52,604.82
Farm Income 15,123.01 27,700.05 18,351.98 38,985.02
Non-Farm Income 11,255.77 55,163.89 10,432.27 76,976.74
Local Wage Income 6,258.02 12,370.18 6,071.13 13,098.57
Migrant Wage Income 12,551.18 20,611.76 11,928.47 19,008.80
Government Subsidies 1,045.89 2,493.66 840.10 1,554.38

- GfG Subsidies 178.08 485.96 0.00 0.00
Other Income 1,592.73 7,621.63 1,758.61 9,045.21

Main Farm Income
Wheat Income 791.02 1,685.08 1,161.22 2,435.08
Rice Income 1,615.95 4,465.40 2,277.96 7,536.27
Corn Income 3,412.20 8,939.79 4,447.30 10,087.38
Soybean Income 206.85 1,529.71 613.20 4,027.33
Forestry Income 477.23 2,267.05 406.73 3,411.36
Orchard Income 1,849.62 10,600.36 1,862.16 8,352.08
Cash Crop Income 2,382.50 8,844.15 3,088.04 14,499.56
Livestock Income 3,585.37 21,286.50 3,677.43 30,469.13
Fishery income 55.68 706.66 603.60 10,752.50

Net Income 34,982.60 27,877.76 36,440.73 29,285.76
Observations 4942 33355
Households 706 4765

Notes: This table presents summary statistics on household income, comparing households that partici-
pated in the GfG program with those that did not. All income values are reported in RMB and adjusted
for inflation using the Consumer Price Index (CPI), with 2009 as the baseline year.
Source: China’s National Rural Fixed Point Survey

These income differences are reflected in household expenditure patterns, as shown

in Table 4.3. Total expenditure is slightly lower among participants, averaging 34,695

RMB compared to 35,351 RMB for non-participants. This difference is mainly driven

by lower village fees and tax expenditures among participants. Living expenditures are
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comparable between the two groups, though participants spend slightly more on staple

food and medical expenses, while non-participants allocate more to housing and fuel.

Operating expenses and productive asset expenditures are similar across both groups,

though non-participants report marginally higher spending on other investments. These

findings indicate that while participation in the GfG program does not substantially alter

overall spending patterns, it slightly reduces tax and village fee burdens while shifting

expenditure composition in certain categories.

Table 4.3: Household Income (RMB) and Expenditure (RMB)
Participation Non-Participation

Mean SD Mean SD
Expenditures

Total Expenditure 34,695.04 58,253.04 35,351.08 59,910.75
Total Living Exp. 21,756.76 28,443.03 21,420.62 29,414.75
Operating Exp. 10,424.83 43,622.89 10,983.21 36,522.60
Productive Asset Exp. 835.03 12,062.45 785.68 27,395.62
Other Investment Exp. 154.56 3,845.97 200.88 7,214.95
Tax Expenditure 56.12 943.64 68.97 1,528.37
Village Fees 36.04 513.15 68.63 1,045.32

Living Expenditure
Staple Food Exp. 1,973.42 1,622.99 1,838.35 1,340.40
Non-Staple Food Exp. 3,915.34 4,109.84 3,994.99 3,898.92
Clothing Expenditure 1,251.88 1,565.36 1,276.95 1,272.23
Housing Expenditure 4,214.54 23,059.05 3,795.93 22,325.78
Fuel Expenditure 867.62 851.45 827.91 778.94
Medical Expenses 1,281.20 5,244.46 1,170.29 5,680.07

Observations 4942 33355
Households 706 4765

Notes:This table presents summary statistics on household expenditure, comparing households that
participated in the GfG program with those that did not. All expenditure values are reported in RMB and
adjusted for inflation using the Consumer Price Index (CPI), with 2009 as the baseline year.
Source: China’s National Rural Fixed Point Survey
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Table 4.4 presents summary statistics on household characteristics, including fixed

capital, operational inputs, and household head attributes, for both GfG program partic-

ipants and non-participants.On average, participating households are slightly larger but

cultivate smaller cropland areas compared to non-participants. However, they manage a

greater number of land plots, indicating higher land fragmentation. Despite having less

cropland, GfG participants report higher productive asset values. In terms of opera-

tional inputs, participating households use fewer agricultural inputs, including fertilizer,

diesel, and pesticides, than non-participants. This pattern aligns with the program’s

objective of reducing agricultural intensity through reforestation and land conversion.

Regarding household head characteristics, GfG participants tend to be younger and have

lower levels of education. The gender distribution is similar across both groups, with the

majority of household heads being male. Notably, the composition of primary income

sources and business types is highly similar between participants and non-participants,

with family farming as the dominant income source and agriculture as the most common

business type.
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Table 4.4: Household Characteristics and Demographics
Participation Non-Participation

Mean SD Mean SD
Fixed Capital & Operational Inputs

Household Size 4.00 1.60 3.90 1.73
Cropland Area (mu) 8.19 11.13 9.16 15.49
Forest Area (mu) 6.35 18.15 4.26 19.61
Orchard Area (mu) 1.06 2.84 0.59 2.18
Pasture Area (mu) 0.08 0.86 0.30 13.32
Number of Land Plots 5.26 4.97 4.44 4.80
Productive Asset Value (RMB) 12,006.71 32,832.42 10,713.08 60,047.15
Fertilizer (kg) 639.72 2,550.57 717.94 907.78
Agricultural Diesel (kg) 19.46 86.10 27.85 185.02
Pesticides (kg) 17.20 99.88 25.43 1,384.08

Household Head
Age 53.69 13.09 54.45 24.38
Gender (1=Male,2=Famale) 1.05 0.28 1.04 0.34
Years of Education 6.06 3.06 6.55 3.41

Primary Income Source Obs Ratio Obs Ratio
Family Farming 3,592 72.68% 24,063 72.14%
Private Enterprise Ownership 70 1.42% 755 2.26%
Labor Wage 974 19.71% 6,391 19.16%
Government Employment 50 1.01% 319 0.96%
Management Wage 108 2.19% 608 1.82%
Other Sources 148 2.99% 1,216 3.65%

Primary Business Type Obs Ratio Obs Ratio
Agriculture 3,937 79.66% 26,396 79.14%
Forestry 209 4.23% 1,486 4.46%
Livestock 103 2.08% 862 2.58%
Fishery 25 0.51% 143 0.43%
Manufacturing 62 1.25% 396 1.19%
Construction 81 1.64% 671 2.01%
Others 525 10.62% 3,401 10.20%

Observations 4942 33355
Notes: This table presents summary statistics on household characteristics for both GfG program partic-
ipants and non-participants. Source: China’s National Rural Fixed Point Survey
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4.3 Identification Strategy

The primary objective of this study is to evaluate the impact of the GfG program on

rural livelihoods.A simple correlation between program participation and household

income is likely to suffer from severe endogeneity concerns, rendering it inappropriate

for causal interpretation. Key sources of endogeneity include reverse causality—where

households with lower income may be more likely to enroll in the program—and omitted

variable bias, in which unobserved factors, such as broader economic conditions, could

simultaneously influence both program participation and household income.

To address these endogeneity concerns, I leverage the sharp and staggered rollout of

the GfG program across households in different regions of China, as illustrated in Figure

4.1. This quasi-experimental variation provides a more credible causal identification

strategy under a set of assumptions. Specifically, I employ a DID design with multiple

treatment periods, comparing changes in household income and expenditure over time

between participants and non-participants. The DID approach has been widely applied

to assess the impacts of the GfG program (Uchida, Rozelle, and Jintao Xu, 2009; Yan,

2019; Zheng et al., 2013), as it facilitates a more rigorous estimation of treatment

effects. By exploiting this staggered implementation, I aim to isolate the program’s

causal effect while mitigating biases from time-invariant unobserved heterogeneity and

common economic shocks.

As a baseline specification, I estimate the following model:

Yit = αi + δt + β × GfGit + Xit × γ + ϵit, (4.1)
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where Yit denotes an outcome of interest—such as income or expenditure—for house-

hold i in year t; GfGit is an indicator variable denoting whether household i participated

in the GfG program in year t; β estimates the effect of participation in the GfG pro-

gram, representing the Average Treatment Effect on the Treated (ATT);αi captures

village fixed effects; δt represents year fixed effects; and . The vector Xit includes

household- and individual-level controls, as shown in Figure 4.4, that may influence

the outcomes of interest. These controls encompass household fixed capital—such as

household size, cropland area, number of land plots, and productive asset value—which

capture variations in household resources and landholding structures. Additionally,

operational inputs, including fertilizer usage, agricultural diesel consumption, and pes-

ticide application, reflect differences in agricultural production intensity. Household

head characteristics—such as age, squared age, gender, and years of education—are

included to account for demographic factors that may shape household decision-making

and economic behavior. Collectively, these controls help ensure that the estimated ef-

fects of the GfG program are not confounded by pre-existing differences in household

endowments, production capacity, and socioeconomic characteristics.

The primary concern in implementing the DID design is the plausibility of the

parallel trends assumption, which requires that, in the absence of the GfG program,

the outcomes of participating and non-participating households would have followed a

similar trajectory over time. If this assumption does not hold, the estimated treatment

effects may be biased due to pre-existing differences in trends between the two groups.

To assess the validity of this assumption, I conduct an event study analysis using the

following specification:
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Yct = αc + δt +
5

∑
k=−5

βkDk(ct) + ϵct (4.2)

where Yct represents the outcome of interest for household c in year t, and Dk(ct) is a set

of indicator variables that take a value of one if the household participates in the GfG

program in period k, where k = 0 denotes the year of program adoption.

This approach allows me to examine whether systematic differences in income

and expenditure trends existed between participants and non-participants before the

introduction of the program. By estimating the dynamic effects of GfG participation over

multiple periods, the event study framework provides a more nuanced understanding of

how household economic outcomes evolved relative to the treatment timing. This helps

to rule out potential confounders and reinforces the credibility of the DID identification

strategy.

In addition to the conventional two-way fixed effects (TWFE) estimator, I also adopt

the estimator proposed by Borusyak, Jaravel, and Spiess (2024) to address concerns

regarding the reliability of the TWFE estimator in the presence of treatment effect

heterogeneity. This alternative estimator mitigates bias by preventing contamination

from 2 × 2 DID comparisons involving already-treated units. By employing these

estimator, I ensure that the estimated effects of the GfG program remain robust even

when treatment effects vary across time and treated units.

While PES programs like GfG aim to provide both environmental and economic

benefits, they may also generate unintended consequences or exacerbate existing in-

equalities (Alix-Garcia and Wolff, 2014; Yan, 2019; Zilberman, Lipper, and McCarthy,
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2009). To examine the distributional effects of GfG participation on income and expen-

diture, I estimate the following conditional quantile function:

Qτ(Yit|G f Git, Xit, αi, λt) = X′
itβτ + γτG f Git + αi + λt + ϵit,τ, (4.3)

where Qτ(·) denotes the conditional quantile of Yit at quantile τ, and Yit represents

the outcome of interest, either household income or expenditure. The model conditions

on GfG program participation (G f Git), household characteristics (Xit), village fixed

effects (αi), and year fixed effects (λt). The coefficient γτ captures the heterogeneous

effects of GfG participation across different points in the income, allowing for a more

nuanced understanding of how the program impacts households at varying levels of

economic well-being.

4.4 Results

4.4.1 Main Results

I first establish that the GfG program significantly enhances rural households’ economic

well-being, as measured by income and expenditure, following program participation.

Table 4.5 presents estimates of β from Equation 4.1, evaluating the impact of GfG

participation on household total income and expenditure. Column (1) reports results

from a baseline specification with year and village fixed effects, while Column (2) adds

household type fixed effects and additional controls, including household fixed capital,

operational inputs, and household head characteristics. Columns (3) and (4) follow
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the same structure for total expenditure. The results remain highly significant at the

1 percent level across all specifications, with point estimates slightly decreasing after

accounting for household type fixed effects and controls. Standard errors are clustered

at the village level, and all dependent variables are log-transformed for interpretation in

percentage terms. These findings provide strong evidence that GfG participation leads

to significant increases in household income and expenditure.

Table 4.5: Baseline Regression Results
Log Total Income Log Total Expenditure
(1) (2) (3) (4)

GfG 0.077∗∗∗ 0.059∗∗∗ 0.069∗∗∗ 0.052∗∗∗
(0.015) (0.013) (0.016) (0.014)

Mean(Y) 47,338 47,338 35,266 35,266
Observations 38,297 38,297 38,297 38,297
R-squared 0.355 0.528 0.344 0.491
Year-Village FEs ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓
Controls ✓ ✓

Notes: This table presents baseline regression estimates of the impact of GfG participation on log-
transformed household income and expenditure. All dependent variables are log-transformed to allow for
interpretation in percentage terms. Columns (1)–(2) report results for total income, while columns (3)–(4)
examine total expenditure. Specifications in (1) and (3) include year and village fixed effects, while (2) and
(4) additionally incorporate household type fixed effects and other controls. Household type fixed effects
account for differences in primary income sources, such as household business, village employment, and
government employment. Additional controls include household fixed capital, operational inputs, and
household head characteristics. Mean(Y) represents the average values of total income or expenditure.
Standard errors are reported in parentheses and clustered at the village level. Detailed regression results
are provided in Appendix Table A-14. Statistical significance is denoted as follows:* p < 0.10, **
p < 0.05, *** p < 0.01.

The results indicate that GfG participation significantly increases both household

income and expenditure across all specifications. In my preferred model—which in-

cludes household type fixed effects and additional controls—the estimated impact on
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total income is 0.0604, while the effect on total expenditure is 0.053, both statistically

significant at the 1 percent level. These estimates suggest that program participation

raises household income by approximately RMB 2,8405 and household expenditure

by RMB 1,8696. The relatively larger impact on income than expenditure suggests

that households may initially allocate additional earnings toward savings or investment

before increasing consumption.

4.4.2 Event Study

To assess the plausibility of the parallel trends assumption, I estimate an event-study

version of the TWFE model, as specified in Equation 4.2, to examine the impact of

the GfG program on rural household income and expenditure. In addition to the

TWFE estimator, I employ the approach proposed by Borusyak, Jaravel, and Spiess

(2024), which accounts for heterogeneous treatment effects in staggered DID designs,

thereby mitigating potential biases in conventional regression-based estimators. This

specification is preferred for the event study analysis, as it provides a more robust

assessment of treatment dynamics. The event study framework further allows for an

examination of the persistence of these effects over time, offering insights into both the

immediate and long-term impacts of GfG participation.

Figure 4.2 presents event-study estimates of the GfG program’s effect on rural house-

hold income, illustrating its dynamic impacts over time. To ensure consistency with

the baseline results, the dependent variable is log-transformed total household income.

4Transformed as e0.059 − 1, hereafter, eβ̂ − 1 for interpretation of log-transformed dependent variables.
5Computed as RMB 47,338 × 0.060.
6Computed as RMB 35,266 × 0.053.
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The treatment follows a staggered adoption design, with the first implementation occur-

ring in 2010.The estimates across both specifications indicate a stable pre-trend, with

coefficients on pre-treatment periods remaining close to zero, providing strong support

for the parallel trends assumption. In the post-treatment period, the estimated effects on

income remain positive, though statistical significance falls below the 5 percent level

in the third year after participation and the final year.Additionally, the results highlight

the evolution of treatment effects over time. The observed positive income effects post-

treatment suggest that program benefits may accumulate gradually, potentially driven by

increased household adaptation to the program and the reallocation of resources toward

more productive activities.
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Figure 4.2: Effects of GfG on Household Income Before and After
Participation

Note: This figure presents event-study estimates of the GfG program’s effect on rural household income
from 2009 to 2015, with the first treatment occurring in 2010. Estimates are obtained using the TWFE
estimator and the method proposed by Borusyak, Jaravel, and Spiess (2024), as specified in Equation 4.2.
The dependent variable is log-transformed total household income. Point estimates are shown with 95
percent confidence intervals represented by lines.

Figure 4.3 presents the event-study estimates of the GfG program’s effect on rural

household expenditure, complementing the findings on income dynamics. Similar to the

income estimates, the results indicate a stable pre-trend, with expenditure trajectories

remaining parallel across treatment and control groups before program participation,

reinforcing the validity of the parallel trends assumption. In the post-treatment period,



125
the estimated effects on expenditure remain consistently positive, though statistical

significance fluctuates across years. Compared to income effects, expenditure responses

appear more stable over time, suggesting that while households experience income

gains, they may smooth consumption rather than immediately adjusting their spending

patterns.

Figure 4.3: Effects of GfG on Household Expenditure Before and After
Participation

Note: This figure presents event-study estimates of the GfG program’s effect on rural household ex-
penditure from 2009 to 2015, with the first treatment occurring in 2010. Estimates are obtained using
the TWFE estimator and the method proposed by Borusyak, Jaravel, and Spiess (2024), as specified in
Equation 4.2. The dependent variable is log-transformed total household expenditure. Point estimates
are shown with 95 percent confidence intervals represented by lines.
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4.4.3 Equality Impact

To evaluate the distributional effects of the GfG program, I conduct an equity impact

assessment, focusing exclusively on household income. Since household expenditures

may be influenced by external factors unrelated to program participation, income serves

as a more direct measure of economic disparities. I employ quantile regression to

examine how the effect of GfG participation varies across different points of the income

distribution, assessing whether the benefits are more pronounced among lower- or

higher-income households.

Table 4.6 presents the quantile regression estimates of the impact of GfG participa-

tion across different points of the income distribution. Column (1) reports the ordinary

least squares (OLS) estimate from Equation 4.1, while columns (2)–(6) provide quantile

regression estimates for the 10th, 25th, 50th (median), 75th, and 90th quantiles, as

specified in Equation 4.3. The effect of GfG participation on household income exhibits

a slight upward trend from the 10th to the 90th quantile, indicating that higher-income

households experience relatively greater income gains from program participation. The

estimated coefficients remain consistently positive and statistically significant at the 1

percent level across all quantiles. Standard errors are clustered at the village level, and

all specifications include year and village fixed effects, household type fixed effects, and

additional controls.
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Table 4.6: Quantile Regression Results for Total Income
Dependent Variable: Log Total Income

Quantile

OLS 0.1 0.25 0.5 0.75 0.9
(1) (2) (3) (4) (5) (6)

GfG 0.05925∗∗∗0.05877∗∗∗0.05901∗∗∗0.05926 ∗∗∗0.05949∗∗∗0.05969∗∗∗
(0.01269) (0.01900) (0.01474) (0.01261) (0.01364) (0.01658)

Observations 38,297 38,297 38,297 38,297 38,297 38,297
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓
HH Type FEs ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes: This table presents the quantile regression results estimating the impact of GfG participation on
household income. Column (1) reports the ordinary least squares (OLS) estimate, while columns (2)–(6)
provide quantile regression estimates for the 10th, 25th, 50th (median), 75th, and 90th quantiles. All
specifications include year and village fixed effects, household type fixed effects, and additional controls.
Standard errors are clustered at the village level.Statistical significance is denoted as follows:* p < 0.10,
** p < 0.05, *** p < 0.01.

4.5 Decompositions and Mechanisms

After presenting the main findings, I further explore the mechanisms driving the positive

effects of the GfG program on rural household well-being. First, I examine the direct

benefits stemming from the program’s “Green” component, which may yield immediate

financial gains for participating households. Next, I conduct a detailed decomposition

analysis to disentangle the effects of GfG participation across various income and

expenditure components, identifying the primary drivers of economic changes. Finally,

I assess the channels implied by the decomposition results, offering a comprehensive

perspective on how the GfG program influences rural household livelihoods.



128
4.5.1 Land Use Change

To evaluate the GfG program’s effectiveness in driving land use transformation, I analyze

changes in forest, orchard, and pasture areas among participating households. The

program provides subsidies for converting cropland into these land categories, granting

households the flexibility to select their preferred transition. Table 4.7 presents the

estimated effects of program participation on these land use changes. All specifications

include year and village fixed effects to control for unobserved regional characteristics.

Additionally, household-level controls are incorporated in columns (2), (4), and (6) to

account for variations in household attributes that may influence land use decisions.

Standard errors are clustered at the village level to address potential within-village

correlations, ensuring the robustness of the results.
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Table 4.7: GfG Program Effects on Land Use Change
Log Log Log

Forest Area Orchard Area Pasture Area
(1) (2) (3) (4) (5) (6)

GfG 0.907∗∗∗ 0.897∗∗∗ 0.170 0.153 0.108∗∗∗ 0.108∗∗∗
(0.117) (0.117) (0.107) (0.106) (0.037) (0.037)

Mean(Y) 4.53 4.53 0.65 0.65 0.27 0.27
Observations 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.794 0.795 0.679 0.682 0.629 0.630
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓ ✓
Controls ✓ ✓ ✓

Notes:This table presents baseline regression estimates of the impact of GfG participation on log-
transformed land use outcomes. All dependent variables are log-transformed to allow for interpretation
in percentage terms. Columns (1)–(2) report results for forest area, columns (3)–(4) examine orchard
area, and columns (5)–(6) assess pasture area. Specifications in (1), (3), and (5) include year and
village fixed effects, while (2), (4), and (6) additionally incorporate household type fixed effects and
other controls. Household type fixed effects account for differences in land use preferences and farming
practices. Additional controls include household fixed capital, operational inputs, and household head
characteristics. Mean(Y) represents the average values of each land category. Standard errors are reported
in parentheses and clustered at the village level. Detailed regression results are provided in Appendix
Table A-15.Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and *** p < 0.01.

This analysis underscores the GfG program’s substantial role in promoting large-

scale reforestation, while its impact on orchard and pasture expansion remains relatively

modest. Columns (1) and (2) of Table 4.7 reveal a significant increase in forested

areas, with estimated coefficients of 0.907 and 0.897, both highly significant at the 1

percent level. These estimates correspond to approximately 148 percent and 145 percent

increases in forest area, respectively, highlighting the program’s strong incentive for

reforestation in line with its core environmental objectives. In contrast, Columns (3) and

(4) show a positive but statistically insignificant effect on orchard area, suggesting that

program participation does not substantially encourage orchard cultivation. Meanwhile,
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Columns (5) and (6) indicate a modest yet statistically significant expansion in pasture

area, with coefficients of 0.108, equating to an 11.4 percent increase, implying some

degree of cropland conversion into grassland. However, given the relatively small mean

pasture area, this effect remains limited in magnitude.

4.5.2 Income Decompositions and Mechanisms

To further examine the channels through which the GfG program influences house-

hold income, I conduct a multi-level income decomposition analysis. This method

disaggregates the program’s effects across various income sources, providing a more

granular understanding of the mechanisms driving the observed changes in total in-

come. Specifically, this analysis assesses whether the financial benefits of program

participation arise from shifts in agricultural production, increased government sub-

sidies, or changes in household labor allocation. By distinguishing between these

potential drivers, the study offers deeper insights into how the GfG program reshapes

rural household economic behavior.

Overall Income Decompositions

I begin by decomposing rural household total income into key components: farm in-

come, nonfarm business income, local and non-local wages, government subsidies, and

other income sources. Table 4.8 presents the estimated effects of program participation

on these income sources. Columns (1)–(2) report estimates for farm income, columns

(3)–(4) analyze nonfarm business income, columns (5)–(6) examine local wage income,
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columns (7)–(8) assess non-local wage income, columns (9)–(10) estimate govern-

ment subsidies, and columns (11)–(12) capture other income sources. Odd-numbered

columns present the baseline specification, which includes only year and village fixed

effects, while even-numbered columns report the preferred specification, which further

incorporates household type fixed effects and additional controls.
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Table 4.8: Household Income Decomposition Results

Log Log Log Log Log Log
Farm Non-farm Local Non-local Gov’t Other

Income Business Wage Wage Subsidies Incomes
Income Income Income

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
GfG 0.047∗∗ 0.046∗∗∗ -0.126 -0.146 0.042 0.008 -0.228 -0.309∗∗ 0.779∗∗∗ 0.787∗∗∗ 0.203 0.223∗

(0.018) (0.016) (0.146) (0.138) (0.147) (0.146) (0.153) (0.149) (0.053) (0.053) (0.130) (0.130)
Mean(Y) 17,935 17,935 10,539 10,539 6,095 6,095 12,009 12,009 867 867 1,737 1,737
Observations 36,971 36,971 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.499 0.619 0.338 0.416 0.243 0.256 0.239 0.295 0.496 0.510 0.412 0.419
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
HH Type FEs ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes:This table presents the estimated effects of GfG participation on household income decomposition using log-transformed dependent
variables. Columns (1)–(2) report estimates for farm income, columns (3)–(4) analyze nonfarm business income, columns (5)–(6) examine
local wage income, columns (7)–(8) assess non-local wage income, columns (9)–(10) estimate government subsidies, and columns (11)–(12)
capture other income sources. The specification in odd-numbered columns includes year and village fixed effects, while even-numbered
columns incorporate household type fixed effects and additional controls.Household type fixed effects account for differences in primary
income sources, such as household business, village employment, and government employment. Additional controls include household
fixed capital, operational inputs, and household head characteristics. Mean(Y) represents the average values of each income component.
Standard errors are reported in parentheses and clustered at the village level. All dependent variables are log-transformed. Detailed
regression results are provided in Appendix Table A-16.Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and ***
p < 0.01.
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The results from Table 4.8 indicate that the GfG program has heterogeneous ef-

fects across different income sources. Participation in the program is associated with a

statistically significant increase in farm income and government subsidies in all specifi-

cations, with significance at the 5 percent level or higher. In the preferred specification,

non-local wage income and other income sources also exhibit statistically significant

increases at the 5 percent and 10 percent levels, respectively. In contrast, nonfarm busi-

ness income and local wage income do not show significant changes, suggesting that the

program’s economic impact is primarily driven by agriculture, government transfers,

and non-local wage employment rather than non-farm business or local wage income.

I conduct an event study on the income sources included in the income decomposition

analysis to assess the validity of the parallel trends assumption, following Equation

4.2. I employ both the TWFE specification and the approach proposed by Borusyak,

Jaravel, and Spiess (2024) to ensure robustness. Figure 4.4 confirms that household

farm income and government subsidies exhibit a stable parallel pre-trend prior to GfG

program participation. After participation, the estimated effects on farm income remain

positive, though statistical significance fluctuates across years, as shown in Panel A

of Figure 4.4. Meanwhile, Panel B of Figure 4.4 illustrates a stable and sustained

increase in government subsidies following program implementation, which aligns with

the program’s intended financial support structure. Additionally, Figure A-1 in the

appendix provides further evidence of parallel pre-trends for other income sources,

reinforcing the credibility of the identification strategy.
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(a) Event Study on Farm Income (b) Event Study on Gov’t Subsides

Figure 4.4: Effects of GfG Program on the Farm Income and Government
Subsidies Before and After Participation

Notes: This figure presents event-study estimates of the GfG program’s effect on house-

hold farm income and government subsidies from 2009 to 2015, with the first treatment

occurring in 2010. Estimates are obtained using the TWFE estimator and the method

proposed by Borusyak, Jaravel, and Spiess (2024), as specified in Equation 4.2. The de-

pendent variables are log-transformed farm income (Panel A) and government subsidies

(Panel B). Point estimates are shown with 95 percent confidence intervals represented

by lines.

The positive effect on farm income is unexpected, given that the program encour-

ages the conversion of cropland into forests, orchards, and pastures. In the preferred

specification, which includes year and village fixed effects, household type fixed ef-

fects, and additional controls, the estimated effect size is 0.047, as shown in Table 4.8.
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This estimate closely aligns with the coefficient from the baseline regression on total

income, suggesting that the observed increase in farm income may stem from shifts in

agricultural productivity and diversification into higher-value crops.

Farm Income Decompositions

To further investigate the unexpected increase in farm income, I conduct a detailed

decomposition by disaggregating farm income into its key components: grain produc-

tion—including staple crops such as wheat, rice, and corn,—as well as soybean and

cash crops, forestry and orchard farming, livestock farming, and fishery.

Table 4.9 focuses on the first thematic component of the GfG program—its impact

on grain, soybean and cash crops production. The results indicate a significant decline

in income from wheat, rice, and corn farming, aligning with the program’s objective

of reducing cultivation on sloped land. In the preferred specification, which includes

year and village fixed effects, household type fixed effects, and additional controls, the

estimated effect on rice income is negative but not statistically significant. This suggests

that while the program may have influenced rice farming, the effect is relatively weak

compared to other staple crops.

In contrast, income from soybean and cash crops exhibits a significant increase,

suggesting that some participating households may be shifting towards higher-value

agricultural activities. The estimated effect size for soybean income in the preferred

specification, which includes year and village fixed effects as well as household type

fixed effects and additional controls, is 0.519. Given the average soybean income of 561

RMB, this translates to an approximate increase of 291.7 RMB. Similarly, the estimated
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effect on cash crop income is 0.272, reflecting a notable expansion in these farming

activities. Given the average cash crop income of 2,997 RMB, this corresponds to an

approximate increase of 815.2 RMB. These findings suggest that while the GfG program

reduces income from staple crops, it may encourage diversification into more profitable

agricultural sectors.
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Table 4.9: Household Farm Income Decomposition Results (1)

Log Log Log Log Log
Income from Income from Income from Income from Income from

Wheat Rice Corn Soybean Cash Crop
Farming Farming Farming Farming Farming

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
GfG -0.436∗∗∗-0.433∗∗∗-0.132∗ -0.093 -0.223∗∗∗-0.202∗∗∗0.494∗∗∗0.519∗∗∗0.285∗∗∗0.272∗∗∗

(0.065) (0.065) (0.076)(0.072) (0.070) (0.068) (0.071) (0.071) (0.031) (0.030)
Mean(Y) 1,113 1,113 2,193 2,193 4,314 4,314 561 561 2,997 2,997
Observations 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 20,749 20,749
R-squared 0.823 0.825 0.749 0.770 0.734 0.748 0.527 0.537 0.598 0.633
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Notes:This table presents the estimated effects of GfG program participation on household farm income decomposition using log-
transformed dependent variables. Columns (1)–(2) report estimates for income from wheat farming, columns (3)–(4) analyze income from
rice farming, columns (5)–(6) examine income from corn farming, columns (7)–(8) assess income from soybean farming, and columns
(9)–(10) estimate income from cash crop farming.Specifications in odd-numbered columns include year and village fixed effects to account
for time-invariant regional factors, while even-numbered columns additionally incorporate household type fixed effects and other controls
to address potential heterogeneity in income sources. Household type fixed effects control for systematic differences in primary income
sources, such as household business, village employment, and government employment. Additional controls include household fixed
capital, operational inputs, and household head characteristics. Mean(Y) represents the average income value for each farm income
source. Standard errors are reported in parentheses and clustered at the village level. All dependent variables are log-transformed.Detailed
regression results are provided in Appendix Table A-17. Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and ***
p < 0.01.
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Table 4.10 examines the second thematic component of the GfG program—its

impact on forestry and orchard farming, as well as livestock farming, and fishery

activities. The results indicate a negligible and statistically insignificant effect on

forestry and orchard farming income, suggesting that program participation does not lead

to substantial revenue generation from these activities. The estimated effect for orchard

farming is negative, though not statistically significant, indicating that the program

has not substantially influenced the expansion of orchard-related income. Given the

program’s emphasis on land conservation and afforestation, this finding suggests that

while households may be shifting land use towards these categories, the short-term

income effects remain limited.

The findings reveal a significant increase in income from livestock farming, with an

estimated coefficient of 0.176 in the preferred specification, which includes year and

village fixed effects, household type fixed effects, and additional controls. Given an

average livestock farming income of 3,666 RMB, this corresponds to an approximate

increase of 645.2 RMB. (Uchida, Jintao Xu, Z. Xu, and Rozelle, 2007) also found that

the GfG program positively impacts income from livestock activities. This suggests

that some households may be reallocating resources toward livestock production as an

adaptive response to cropland conversion. A key factor facilitating this shift could be

the GfG program’s policy of permitting livestock rearing within reforested land under

the livestock-forest integration framework.

By contrast, the program’s effect on fishery income appears negligible, as the

estimated coefficient is negative but not statistically significant. This indicates that

participation in the GfG program does not substantially influence income from fishing
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activities.

Table 4.10: Household Farm Income Decomposition Results (2)
Log Log Log Log

Income from Income from Income from Income from
Forestry Orchard Livestock Fishery

Farming Farming
(1) (2) (3) (4) (5) (6) (7) (8)

GfG 0.027 0.034 -0.025 -0.076 0.176∗ 0.176∗ -0.048 -0.047
(0.068) (0.068) (0.059) (0.057) (0.096) (0.094) (0.032) (0.032)

Mean(Y) 416 416 1,861 1,861 3,666 3,666 533 533
Observations 38,297 38,297 6,093 6,093 38,297 38,297 38,297 38,297
R-squared 0.734 0.736 0.649 0.669 0.488 0.512 0.273 0.283
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
HH Type FEs ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Notes:This table presents the estimated effects of GfG program participation on household farm income
decomposition using log-transformed dependent variables. Columns (1)–(2) report estimates for income
from forestry, columns (3)–(4) analyze income from orchard farming, columns (5)–(6) examine income
from livestock farming, and columns (7)–(8) assess income from fishery activities. Specifications in odd-
numbered columns include year and village fixed effects to control for time-invariant regional factors,
while even-numbered columns additionally incorporate household type fixed effects and other controls
to account for heterogeneity in income sources. Household type fixed effects control for systematic
differences in primary income sources, such as household business, village employment, and government
employment. Additional controls include household fixed capital, operational inputs, and household head
characteristics. Mean(Y) represents the average income value for each farm income source. Standard
errors are reported in parentheses and clustered at the village level. Detailed regression results are
provided in Appendix Table A-18.Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05,
and *** p < 0.01.

Mechanisms of Income Change

To explore the mechanisms through which the GfG program affects farm income,

particularly from grain, soybean, and cash crop farming, I analyze shifts in agricultural

land use and productivity. This approach offers deeper insights into how program
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participation influences income dynamics, whether through changes in crop allocation,

increased efficiency, or adaptations in farming practices.
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Table 4.11: GfG Program Effects on Agricultural Land Allocation

Log Log Log Log Log
Planted Area of Planted Area of Planted Area of Planted Area of Planted Area of

Wheat Rice Corn Soybeans Cash Crops
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

GfG -0.725∗∗∗ -0.717∗∗∗ -0.205∗ -0.145 -0.366∗∗∗ -0.334∗∗∗ 0.731∗∗∗ 0.772∗∗∗ 0.334∗∗ 0.374∗∗∗
(0.109) (0.108) (0.118) (0.113) (0.109) (0.106) (0.121) (0.121) (0.131) (0.128)

Mean(Y) 1.53 1.53 2.00 2.00 4.95 4.95 1.10 1.10 2.36 2.36
Observations 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.813 0.816 0.746 0.766 0.739 0.751 0.521 0.531 0.604 0.623
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
HH Type FEs ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Notes:This table presents the estimated effects of GfG program participation on agricultural land allocation using log-transformed dependent
variables. Columns (1)–(2) report estimates for the planted area of wheat, columns (3)–(4) analyze the planted area of rice, columns (5)–(6)
examine the planted area of corn, columns (7)–(8) assess the planted area of soybeans, and columns (9)–(10) estimate the planted area
of cash crops.Specifications in odd-numbered columns include year and village fixed effects to control for time-invariant regional factors,
while even-numbered columns additionally incorporate household type fixed effects and other controls to account for heterogeneity in land
allocation. Household type fixed effects control for systematic differences in primary income sources, such as household business, village
employment, and government employment. Additional controls include household fixed capital, operational inputs, and household head
characteristics.Mean(Y) represents the average planted area for each crop type. Standard errors are reported in parentheses and clustered at
the village level.Detailed regression results are provided in Appendix Table A-19. Statistical significance is denoted as follows * p < 0.10,
** p < 0.05, and *** p < 0.01.
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Table 4.11 presents the estimated effects of GfG program participation on agricul-

tural land allocation. Specifically, it examines changes in the planted area of major crops,

including wheat, rice, corn, soybeans, and cash crops. The results indicate a significant

reduction in the cultivated area of staple crops such as wheat, rice, and corn, aligning

with the program’s goal of converting cropland into forests, orchards, and pastures.

Meanwhile, the planted areas of soybeans and cash crops exhibit a notable expansion,

suggesting that participating households are shifting toward higher-value agricultural

activities. This pattern is consistent with the observed increase in income from soybean

and cash crop farming.These findings suggest that the GfG program not only reduces

reliance on staple crops but also encourages diversification into more profitable agri-

cultural alternatives, supporting the broader goal of improving rural livelihoods while

promoting sustainable land use.

Beyond agricultural land allocation, the increase in farm income may also result

from productivity improvements and price changes. However, evidence suggests that

the GfG program has no effect on prices (Z. Xu et al., 2006). Therefore, I focus solely on

productivity. Table 4.12 presents the estimated effects of GfG program participation on

agricultural productivity, measured as yield (kg per mu7) for key staple crops, including

wheat, rice, corn, and soybeans. Due to data limitations, cash crop productivity is not

included in the analysis. The results indicate no significant changes in the productivity

of wheat, rice, and corn, as evidenced by the statistically insignificant coefficients.

However, soybean productivity significantly increases under the GfG program, with an

estimated effect of 11% in the preferred specification, which includes year and village
71 mu = 1/15 hectare
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fixed effects, household type fixed effects, and additional controls. Given an average

soybean yield of 201.30 kg per mu, this translates to an approximate increase of 22.14

kg per mu.

Table 4.12: GfG Program Effects on Agricultural Productivity
Log Log Log Log

Wheat Rice Corn Soybeans
Productivity Productivity Productivity Productivity
(1) (2) (3) (4) (5) (6) (7) (8)

GfG 0.004 0.004 -0.001 -0.003 0.010 0.009 0.113∗∗∗ 0.105∗∗∗
(0.015) (0.015) (0.014) (0.014) (0.012) (0.012) (0.032) (0.032)

Mean(Y) 356.55 356.55 500.55 500.55 514.20 514.20 201.30 201.30
Observations 13,456 13,456 14,077 14,077 23,243 23,243 6,035 6,035
R-squared 0.598 0.600 0.402 0.405 0.416 0.419 0.435 0.439
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
HH Type FEs ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Notes:This table presents the estimated effects of GfG program participation on agricultural productivity
using log-transformed dependent variables. Columns (1)–(2) report estimates for wheat productivity,
columns (3)–(4) analyze rice productivity, columns (5)–(6) examine corn productivity, and columns
(7)–(8) assess soybean productivity. Agricultural productivity is measured in kilograms per mu (1 mu =
1/15 hectare). Specifications in odd-numbered columns include year and village fixed effects to control for
time-invariant regional factors, while even-numbered columns additionally incorporate household type
fixed effects and other controls to account for heterogeneity in agricultural productivity. Household type
fixed effects control for systematic differences in primary income sources, such as household business,
village employment, and government employment. Additional controls include household fixed capital,
operational inputs, and household head characteristics. Mean(Y) represents the average productivity (kg
per mu) for each crop type.Detailed regression results are provided in Appendix Table 4.12. Statistical
significance is denoted as follows: * p < 0.10, ** p < 0.05, and *** p < 0.01.

The analysis reveals that the positive effect of GfG participation on total income is

primarily driven by increases in farm income and government subsidies. The rise in farm

income stems largely from the expansion of soybean farming and cash crop cultivation,

which offsets the decline in staple crop production, particularly wheat, rice, and corn.
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Participating households reallocate land away from staple crops toward more profitable

agricultural activities, leading to significant increases in the planted areas of soybeans

and cash crops. This shift aligns with the program’s goal of reducing cultivation on

sloped land while promoting afforestation and alternative income-generating activities.

In addition to land reallocation, improvements in agricultural productivity—particularly

in soybean production—contribute to farm income growth. The findings indicate a sta-

tistically significant increase in soybean yield following GfG implementation, suggesting

that the program may incentivize better land management, investment in higher-yield

varieties, or improved farming practices. However, no significant changes are observed

in the productivity of wheat, rice, or corn, reinforcing the idea that the income gains

from these crops are primarily driven by land use changes rather than efficiency improve-

ments. Beyond farm income, government subsidies represent another major channel

through which GfG participation influences total income. The program provides direct

financial support to households transitioning their land use, which helps compensate for

potential income losses from staple crop reduction. This additional source of income

may also reduce the need for households to engage in non-local wage employment, lead-

ing to shifts in labor allocation and potential long-term adjustments in rural household

economic strategies.

Overall, these findings highlight that GfG participation reshapes rural household

economic behavior through multiple mechanisms: incentivizing land reallocation, en-

hancing soybean productivity, and providing financial support through government

subsidies. The program effectively reduces reliance on staple crop farming while foster-

ing diversification into higher-value agricultural activities. However, its impact on other
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non-farm income sources remains limited, suggesting that complementary policy mea-

sures may be necessary to further promote rural income diversification and long-term

economic resilience.

4.5.3 Expenditure Decompositions

Overall Expenditure Decompositions

I also conduct a detailed decomposition of total expenditure into key categories. These

include operating expenditure,productive asset investment, other investments, tax pay-

ments, village fees, and living expenditure. This analysis provides insights into how

program participation affects household spending patterns and resource allocation, shed-

ding light on whether income gains are primarily used for consumption, reinvestment

in agricultural activities, or other economic priorities.

Table 4.13 presents the estimated effects of GfG participation on various expenditure

components. Columns (1)–(2) report estimates for operating expenditures, columns

(3)–(4) analyze productive asset investments, columns (5)–(6) examine other invest-

ments, columns (7)–(8) assess tax payments, columns (9)–(10) estimate village fees,

and columns (11)–(12) capture living expenditures. Odd-numbered columns include

only year and village fixed effects, while even-numbered columns incorporate house-

hold type fixed effects and additional controls to account for heterogeneity in household

spending behavior.
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Table 4.13: Household Expenditure Decomposition Results

Log Log Log Log Log Log
Operating Productive Other Tax Village Living

Exp. Asset Investment Exp. Fees Exp.
Exp. Exp.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
GfG 0.191∗∗∗0.194∗∗∗ -0.020 -0.034 0.082 0.083 -0.004 -0.009 0.320∗∗∗0.307∗∗∗0.062∗∗∗0.047∗∗∗

(0.054) (0.053) (0.157)(0.156)(0.068)(0.068)(0.065)(0.063) (0.112) (0.112) (0.016) (0.014)
Mean(Y) 10,911 10,911 792 792 195 195 67 67 64 64 21,464 21,464
Observations 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.215 0.271 0.101 0.114 0.052 0.054 0.238 0.274 0.482 0.484 0.283 0.375
Year-Village FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes:This table presents the estimated effects of GfG participation on household income decomposition using log-transformed dependent
variables. Columns (1)–(2) report estimates for farm income, columns (3)–(4) examine non-farm business income, columns (5)–(6) analyze
local wage income, columns (7)–(8) assess other wage income, columns (9)–(10) estimate government subsidies, and columns (11)–(12)
capture other income sources. Specifications in odd-numbered columns include year and village fixed effects to control for time-invariant
regional factors, while even-numbered columns additionally incorporate household type fixed effects and other controls to account for
heterogeneity in agricultural productivity. Household type fixed effects control for systematic differences in primary income sources, such
as household business, village employment, and government employment. Additional controls include household fixed capital, operational
inputs, and household head characteristics. Mean(Y) represents the average expenditure for each category.Detailed regression results are
provided in Appendix Table A-21.Statistical significance is denoted as follows: *p < 0.10, ** p < 0.05, and *** p < 0.01.
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The results from Table 4.13 indicate that GfG program participation has hetero-

geneous effects across different expenditure categories. Participation in the program

is associated with a statistically significant increase in operating expenditures and liv-

ing expenses across all specifications, with significance at the 1 percent level. The

estimated coefficients for operating expenditures and living expenses are 0.194 and

0.047, respectively. Given the average operating expenditure of 10,911 RMB and the

average living expenditure of 21,464 RMB, these estimates correspond to approximate

increases of 2,114 RMB and 1,009 RMB, respectively. This suggests that program

participation leads to higher spending on agricultural operations and household con-

sumption, potentially reflecting adjustments in production activities and improvements

in living standards. Village fees also exhibit a significant increase at the 1 percent

level, suggesting that program participation may lead to greater contributions to local

community obligations. However, given the relatively low average village fee of 64

RMB, the estimated effect translates into only a marginal increase, .

In contrast, the estimated effects on productive asset investment, other investments,

and tax expenditures are not statistically significant, indicating that GfG participation

does not substantially alter household investment behaviors or tax burdens. These

findings suggest that while the program influences household spending patterns, its

economic impact is primarily concentrated in operational and consumption-related ex-

penditures rather than in long-term investments or tax-related payments. This implies

that participating households may prioritize short-term financial adjustments, such as

covering increased operating costs and meeting daily living expenses, rather than allo-

cating resources toward capital accumulation or tax obligations.
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Similar to the event study analysis conducted for income, Figure 4.5 further validates

the parallel pre-trend assumption for operating expenditures, living expenses, and village

fees. The results indicate that these expenditure categories followed a stable trajectory

prior to GfG program participation, reinforcing the causal interpretation of the observed

post-treatment effects.
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(a) Event Study on Operating Expenditure (b) Event Study on Village Fees

(c) Event Study on Livelihood
Expenditure

Figure 4.5: Effects of GfG Program on Operating Expenditure, Village Fees,
and Living Expenditures Before and After Participation
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Living Expenditure Decompositions

I further examine the effects of the GfG program on household consumption by decom-

posing living expenditure into staple food, non-staple food, clothing, housing, fuel, and

medical expenses. Table 4.14 presents the estimated impacts of the program on these

expenditure categories.
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Table 4.14: Household Living Exp. Decomposition Results

Log Log Log Log Log Log
Staple Food Non-staple Food Clothing Housing Fuel Medical

Exp. Exp. Exp. Exp. Exp. Exp.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

GfG 0.097∗∗∗0.086∗∗∗0.084∗∗∗0.077∗∗∗0.384∗∗∗0.349∗∗∗0.796∗∗∗0.758∗∗∗0.519∗∗∗0.507∗∗∗ 0.005 0.017
(0.034) (0.033) (0.030) (0.030) (0.079) (0.077) (0.161) (0.160) (0.112) (0.112) (0.249)(0.249)

Mean(Y) 1,856 1,856 3,985 3,985 1,274 1,274 3,850 3,850 833 833 1,185 1,185
Observations 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.150 0.168 0.238 0.255 0.099 0.129 0.578 0.581 0.395 0.397 0.289 0.293
Year-Village FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
HH Type FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes: This table presents the estimated effects of GfG program participation on household living expenditure decomposition using
log-transformed dependent variables. Columns (1)–(2) report estimates for staple food expenditure, columns (3)–(4) analyze non-staple
food expenditure, columns (5)–(6) examine clothing expenditure, columns (7)–(8) assess housing expenditure, columns (9)–(10) estimate
fuel expenditure, and columns (11)–(12) capture medical expenses. Specifications in odd-numbered columns include year and village fixed
effects to control for time-invariant regional factors, while even-numbered columns additionally incorporate household type fixed effects
and other controls to account for heterogeneity in expenditure patterns. Household type fixed effects control for systematic differences
in primary income sources, such as household business, village employment, and government employment. Additional controls include
household fixed capital, operational inputs, and household head characteristics. Mean(Y) represents the average expenditure value for
each category.Standard errors are reported in parentheses and clustered at the village level. All dependent variables are log-transformed.
Detailed regression results are provided in Appendix Table A-22.Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05,
and *** p < 0.01.
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The results from Table 4.13 indicate that participation in the GfG program signifi-

cantly impacts household living expenditures across multiple categories. Specifically,

expenditures on staple and non-staple food, clothing, housing, and fuel increase, suggest-

ing that participating households allocate more resources toward essential consumption

and improved living conditions. These findings imply that the program enhances house-

hold well-being by facilitating greater spending on daily necessities and housing-related

expenses.In contrast, medical expenses do not exhibit a statistically significant change,

indicating that the financial benefits of the program do not directly translate into in-

creased healthcare spending. This suggests that the additional income generated through

the program is primarily directed toward improving food security, housing quality, and

other essential needs rather than healthcare.

Overall, the results indicate that the GfG program leads to a significant increase in

expenditures on food, clothing, housing, and fuel, underscoring its role in improving

household living conditions. However, there is no strong evidence that the program

affects medical expenses. These findings provide further insights into the broader

economic implications of the GfG program on rural livelihoods.

4.6 Conclusion

This study examines the economic impacts of China’s GfG program, one of the world’s

largest Payments for Ecosystem Services programs, on rural households. I analyze how

participation in the GfG program influences household income and expenditure.
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The analysis uses household-level data from the NRFP Survey, a nationally repre-

sentative panel covering rural economic activities. I focus on 2009–2015 to ensure data

consistency, resulting in a sample of 5,471 households across 31 provinces, including

706 GfG participants. The empirical strategy exploits the program’s staggered rollout,

applying a DID framework with year and village fixed effects to control for unobserved

heterogeneity. An event study confirms parallel pre-treatment income and expenditure

trends between participants and non-participants.

The results indicate that participation in the GfG program significantly increases

total household income and expenditure. I assess the income equity implications of

GfG participation using quantile regression at the household level. The results indicate

no significant impact across income distribution. The income increase is primarily

driven by farm income and government subsidies, while nonfarm business income and

local wage earnings remain unchanged. The decomposition analysis reveals that farm

income gains stem from a shift in land allocation, with households reducing staple crop

cultivation and increasing the planted areas of soybeans and cash crops. Additionally,

soybean productivity improves following program participation, contributing further to

income growth. The program also provides direct financial support through government

subsidies, helping to offset potential losses from reduced staple crop farming.

The findings have two implications for PES program design. First, the effectiveness

of financial incentives depends on households’ ability to adjust agricultural practices.

PES programs should consider providing additional technical support or training to

facilitate the transition to higher-value crops. Second, since the subsidies alone do not

fully offset income losses for all participants, payment structures should be adjusted to
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account for variations in household capacity and local agricultural conditions. These

insights can help refine PES programs to better balance environmental goals with rural

economic development.

This study contributes to the literature in three key ways. First, while existing

research on the GfG program has largely focused on localized impacts and short-term

effects, typically within a two-year timeframe (Z. Feng, Yanzhao Yang, et al., 2005;

Uchida, Rozelle, and Jintao Xu, 2009), this study provides a comprehensive assessment

of its long-term and national-level consequences for rural livelihoods. Second, although

prior studies extensively examine the program’s effects on income, employment, food

security, land access, social equity, and migration, relatively little attention has been

given to household expenditure. By addressing this gap, this study offers new insights

into how GfG participation reshapes spending patterns, highlighting broader economic

adjustments. Third, through a detailed decomposition of both income and expenditure,

this study uncovers the specific channels through which the program influences rural

households, enhancing understanding of financial decision-making and informing policy

design for future PES initiatives.

These findings demonstrate that the GfG program enhances rural well-being by

increasing farm income, promoting environmental restoration, and boosting household

consumption. However, its limited impact on nonfarm business and wage income high-

lights the lack of income diversification. To maximize long-term benefits, policymakers

should introduce complementary measures that support alternative income sources.

Additionally, the decomposition analysis reveals that farm income gains primarily re-

sult from land reallocation, as households shift away from staple crops toward soybean
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and cash crop production, with improved soybean productivity further driving income

growth. Strengthening PES design through targeted interventions could enhance these

effects and improve overall program effectiveness. Ensuring equitable distribution of

benefits is also essential, as lower-income households may face greater barriers to par-

ticipation. This study contributes to the broader understanding of PES initiatives by

demonstrating their potential to balance environmental and economic objectives while

emphasizing the need for inclusive growth strategies and complementary interventions

for sustainable rural development.

This study has several limitations that future research should address. First, while it

examines the welfare effects of the GfG program, it does not integrate its environmen-

tal befinits, which could indirectly affect household income. Ideally, studies on PES

programs should integrate both environmental and economic benefits, as demonstrated

by Zheng et al. (2013). In this study, reduced soil erosion from land conversions may

enhance agricultural productivity on flatter land. Second, although the DID approach

mitigates endogeneity concerns, this study does not account for participation intensity,

which may vary across households. Future research could explore alternative identifi-

cation strategies, such as regression discontinuity design, given that recent GfG policies

restrict land conversion on slopes exceeding 25 degrees. Third, this analysis focuses

on medium-term effects, leaving longer-term dynamics—such as potential land-use re-

versals or shifts in labor allocation—largely unexplored. Addressing these gaps would

provide a more comprehensive understanding of the program’s long-term implications.
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Table A-1: Poverty Alleviation Funds (2011-2020)

Year 2011201220132014 2015 2016 2017 2018 2019 2020
Central Government Poverty Alleviation Fund (Billion USD)

Industrial Development 1.84 2.30 2.71 2.99 3.20 4.60 5.93 7.31 8.55 9.97
Poverty Relocation 0.77 0.97 1.15 1.26 1.35 1.99 2.64 3.25 3.94 4.48
Education Support 0.54 0.64 0.77 0.86 0.92 1.07 1.46 1.84 2.07 2.38
Healthcare Support 0.31 0.43 0.49 0.54 0.58 0.77 1.07 1.30 1.53 1.84
Housing & Renovation 0.38 0.46 0.54 0.60 0.64 0.92 1.18 1.53 1.84 2.12
Infrastructure Development 0.15 0.23 0.31 0.34 0.32 0.69 0.72 0.86 1.10 1.24
Social Security 0.06 0.06 0.09 0.08 0.08 0.18 0.18 0.15 0.28 0.38
Subtotal 4.05 5.09 6.26 6.67 7.09 10.2213.1816.2619.3122.41

Provincial Governments’ Poverty Alleviation Funds (Billion USD)
Hebei Province 0.03 0.12 0.17 0.16 0.17 0.31 0.15 0.63 0.84 1.07
Shanxi Province 0.07 0.09 0.12 0.12 0.17 0.30 0.28 0.38 0.41 0.43
Heilongjiang Province 0.01 0.02 0.02 0.02 0.03 0.11 0.14 0.17 0.32 0.34
Anhui Province 0.02 0.14 0.15 0.06 0.15 0.26 0.33 0.41 0.50 0.21
Jiangxi Province 0.03 0.09 0.11 0.15 0.19 0.27 0.37 0.43 0.51 0.62
Henan Province 0.04 0.07 0.10 0.12 0.13 0.19 0.27 0.32 0.40 0.50
Hubei Province 0.35 0.41 0.93 1.06 4.47 4.57 5.02 7.04 7.27 7.27
Hunan Province 0.03 0.04 0.06 0.07 0.13 0.37 0.51 0.58 0.70 0.78
Guangxi Province 0.04 0.05 0.07 0.11 0.16 0.28 0.37 0.60 0.82 0.93
Sichuan Province 0.12 0.16 0.16 0.22 0.29 0.40 0.54 0.83 0.98 1.26
Guizhou Province 0.10 0.22 0.27 0.38 0.45 0.69 0.84 0.97 1.20 1.49
Yunnan Province 0.12 0.15 0.17 0.21 0.20 0.46 0.50 0.70 0.97 1.17
Shaanxi Province 0.10 0.12 0.14 0.18 0.13 0.19 0.35 0.46 0.55 0.66
Gansu Province 0.04 0.05 0.07 0.17 0.18 0.27 0.29 0.70 0.92 1.10
Qinghai Province 0.02 0.04 0.06 0.10 0.13 0.13 0.16 0.22 0.37 0.28
Subtotal 1.76 2.18 2.96 4.69 5.60 8.21 10.2012.2011.5711.57
Total 4.86 6.49 7.82 8.85 10.0514.9118.7824.3429.5333.98

Notes: This table presents major poverty alleviation programs and expenditures (in
billion USD) from the Chinese Central Government and Provincial Special Fund
(2011–2020). USD values are converted from RMB using the exchange rate of 6.5250
RMB/USD as of December 31, 2020 (Federal Reserve Bank of St. Louis).
Source: China Rural Poverty Monitoring Reports (2011-2021).
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Table A-2: Descriptive Statistics (Land Use Change: Part 1)

Treatment Contrl Group
Variable Mean SD Mean SD

Cropland to Forest (%) 0.32 0.43 0.21 0.41
Cropland to Shrub (%) 0.01 0.04 0.00 0.02
Cropland to Grassland (%) 0.15 0.37 0.09 0.27
Cropland to Water (%) 0.01 0.04 0.04 0.17
Cropland to Snow (%) 0.00 0.00 0.00 0.00
Cropland to Barren (%) 0.00 0.00 0.00 0.00
Cropland to Impervious (%) 0.05 0.08 0.15 0.23
Cropland to Wetland (%) 0.00 0.00 0.00 0.00
Forest to Cropland (%) 0.32 0.39 0.23 0.40
Forest to Shrub (%) 0.03 0.07 0.01 0.03
Forest to Grassland (%) 0.00 0.00 0.00 0.00
Forest to Water (%) 0.00 0.00 0.00 0.00
Forest to Snow (%) 0.00 0.00 0.00 0.00
Forest to Barren (%) 0.00 0.00 0.00 0.00
Forest to Impervious (%) 0.00 0.00 0.00 0.01
Forest to Wetland (%) 0.00 0.00 0.00 0.00
Shrub to Cropland (%) 0.02 0.06 0.00 0.02
Shrub to Forest (%) 0.04 0.08 0.01 0.04
Shrub to Grassland (%) 0.01 0.03 0.00 0.02
Shrub to Water (%) 0.00 0.00 0.00 0.00
Shrub to Snow (%) 0.00 0.00 0.00 0.00
Shrub to Barren (%) 0.00 0.00 0.00 0.00
Shrub to Impervious (%) 0.00 0.00 0.00 0.00
Shrub to Wetland (%) 0.00 0.00 0.00 0.00
Grassland to Cropland (%) 0.14 0.34 0.10 0.29
Grassland to Forest (%) 0.04 0.13 0.02 0.09
Grassland to Shrub (%) 0.01 0.03 0.00 0.01
Grassland to Water (%) 0.00 0.00 0.00 0.01
Grassland to Snow (%) 0.00 0.00 0.00 0.00
Grassland to Barren (%) 0.01 0.06 0.02 0.14
Grassland to Impervious (%) 0.00 0.01 0.01 0.03
Grassland to Wetland (%) 0.00 0.00 0.00 0.00
Water to Cropland (%) 0.01 0.04 0.04 0.12
Water to Forest (%) 0.00 0.00 0.00 0.00
Water to Shrub (%) 0.00 0.00 0.00 0.00
Water to Grassland (%) 0.00 0.00 0.00 0.01



172
Table A-3: Descriptive Statistics (Land Use Change: Part 2)

Treatment Contrl Group
Variable Mean SD Mean SD

Water to Snow (%) 0.00 0.00 0.00 0.00
Water to Barren (%) 0.00 0.00 0.00 0.02
Water to Impervious (%) 0.00 0.01 0.01 0.06
Water to Wetland (%) 0.00 0.00 0.00 0.00
Snow to Cropland (%) 0.00 0.00 0.00 0.00
Snow to Forest (%) 0.00 0.00 0.00 0.00
Snow to Shrub (%) 0.00 0.00 0.00 0.00
Snow to Grassland (%) 0.00 0.00 0.00 0.00
Snow to Water (%) 0.00 0.00 0.00 0.00
Snow to Barren (%) 0.00 0.00 0.00 0.02
Snow to Impervious (%) 0.00 0.00 0.00 0.00
Snow to Wetland (%) 0.00 0.00 0.00 0.00
Barren to Cropland (%) 0.00 0.00 0.00 0.02
Barren to Forest (%) 0.00 0.00 0.00 0.00
Barren to Shrub (%) 0.00 0.00 0.00 0.00
Barren to Grassland (%) 0.01 0.06 0.03 0.17
Barren to Water (%) 0.00 0.00 0.00 0.05
Barren to Snow (%) 0.00 0.01 0.00 0.02
Barren to Impervious (%) 0.00 0.00 0.00 0.06
Barren to Wetland (%) 0.00 0.00 0.00 0.00
Impervious to Cropland (%) 0.00 0.00 0.00 0.00
Impervious to Forest (%) 0.00 0.00 0.00 0.00
Impervious to Shrub (%) 0.00 0.00 0.00 0.00
Impervious to Grassland (%) 0.00 0.00 0.00 0.00
Impervious to Water (%) 0.00 0.01 0.01 0.03
Impervious to Snow (%) 0.00 0.00 0.00 0.00
Impervious to Barren (%) 0.00 0.00 0.00 0.00
Impervious to Wetland (%) 0.00 0.00 0.00 0.00
Wetland to Cropland (%) 0.00 0.00 0.00 0.01
Wetland to Forest (%) 0.00 0.00 0.00 0.00
Wetland to Shrub (%) 0.00 0.00 0.00 0.00
Wetland to Grassland (%) 0.00 0.00 0.00 0.00
Wetland to Water (%) 0.00 0.00 0.00 0.00
Wetland to Snow (%) 0.00 0.00 0.00 0.00
Wetland to Barren (%) 0.00 0.00 0.00 0.00
Wetland to Impervious (%) 0.00 0.00 0.00 0.00
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Table A-4: Summary Statistics within Mountain Areas

Variable Dabie Dian-Gui-Qian Liupan Luoxiao Qinba Southern Western Wuling Wumeng Yanshan Control
Mountain Karst MountainMountainMountain Daxing’ Yunnan MountainMountain -Taihang Group

Area Region Area Area Area anling Border Area Area Mountain
Forest Share(%) 4.32 66.39 11.71 75.53 65.75 3.01 72.36 70.46 60.65 30.69 31.86
Forest Gains per km2(%) 0.09 0.63 0.23 0.33 0.52 0.14 0.34 0.51 0.76 0.2 0.24
Forest Loss per km2 (%) 0.06 0.64 0.02 0.46 0.25 0.11 0.43 0.53 0.55 0.09 0.24
Forest Share Change (%) 0.03 -0.01 0.21 -0.14 0.28 0.03 -0.1 -0.02 0.21 0.11 0.0
Planted Forest Share (%) 1.08 1.4 1.89 1.56 1.18 1.05 1.17 1.81 2.22 2.54 1.25
Cropland Share(%) 81.34 29.01 32.25 21.56 30.06 86.89 20.72 27.77 34.62 39.99 48.04
Shrub Share(%) 0.0 3.08 0.54 0.03 0.16 0.0 1.89 0.27 1.82 0.52 0.19
Grassland Share(%) 0.02 0.68 53.5 0.1 1.81 5.87 4.34 0.05 2.23 18.92 7.42
Water Share(%) 3.17 0.38 0.3 0.52 0.34 0.47 0.46 0.69 0.33 0.39 2.66
Snow Share(%) 0.0 0.0 0.01 0.0 0.01 0.0 0.03 0.0 0.0 0.0 0.07
Barren Land Share(%) 0.01 0.0 0.76 0.0 0.04 0.03 0.03 0.0 0.0 0.01 2.89
Impervious Surface Share(%) 11.14 0.46 0.93 2.25 1.82 3.72 0.17 0.76 0.34 9.48 6.86
Wetland Share(%) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.01
Carbon Storage Density (ton/km2) 7665.71 23599.31 13581.35 25482.35 233117 8487.49 25216.1724384.72 22299.7 15418.8314826.26
Average NDVI per km2 0.32 0.34 0.29 0.41 0.39 0.38 0.46 0.34 0.35 0.38 0.32
County Area (km2) 1334.95 2312.35 2618.76 1985.13 28867 3211.35 3711.43 2108.96 3055.28 1875.38 3362.43
Population (Thousand) 1008.26 360.35 318.39 514.27 444.56 410.25 298.95 510.51 801.32 418.48 554.67
Gov’t Revenue (Million USD) 57.69 55.87 25.65 77.7 41.63 26.92 44.77 50.93 99.07 40.06 162.02
Gov’t Expenditure (Million USD) 328.46 207.69 188.46 261.63 229.59 2275 208.8 253.3 379.11 173.51 325.56
GDP Primary (Million USD) 470.03 206.67 126.47 2078 216.24 282.33 236.61 237.19 342.13 197.12 333.38
GDP Secondary (Million USD) 713.16 371.06 257.53 452.0 446.99 179.44 239.23 347.22 588.6 316.68 1282.99
Number of Rural Villages 316.39 104.76 137.2 174.67 245.73 108.7 82.23 257.44 212.57 233.29 205.81
RDLS 0.06 1.13 1.92 0.62 1.86 0.2 2.43 0.79 1.68 0.63 0.61
Savings Deposit (Million USD) 1371.86 496.45 604.78 1072.36 831.65 493.77 505.52 825.22 1070.65 955.87 1616.85
Avg. NTL Intensity per km2 0.13 0.11 0.09 0.07 0.05 0.04 0.06 0.08 0.09 0.16 0.46
Avg. Annual Precipitation (mm) 1053.92 1276.17 545.82 1562.46 874.15 551.49 1079.88 13112 1063.95 568.15 993.32
Avg. Annual Wind Speed (mph) 4.4 4.04 4.31 3.5 3.48 5.9 3.47 3.14 3.63 4.64 4.8
Observations 147 267 282 147 270 126 219 435 115 124 26193
No. of Counties 7 13 14 7 13 6 11 22 6 7 1284
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A.2 Supplemental Material: Essey 2

Table A-5: Exogenous Check on Instrumental Variable

Log GDP Log GDP
Dependent Variables: (Primary) (Secondary)

(1) (2)
Precipitation in t-1 year -0.000009 -0.000007

(0.000) (0.000)
Population 0.002612*** 0.005404***

(0.001) (0.001)
K-12 Students per Capita -1.035643*** -0.979732***

(0.111) (0.233)
Loan Balance per Capita -0.000001*** 0.000002***

(0.000) (0.000)
Agriculture Machine Power per Capita 0.061116*** 0.060486***

(0.006) (0.013)
Hospital beds per Capita 1.088285 2.613476

(2.575) (5.409)
Relief degree of land surface -0.087804 -0.799155**

(0.158) (0.333)
Precipitation in t year 0.000084** 0.000078

(0.000) (0.000)
Land surface wind speed -0.056083*** -0.002117

(0.014) (0.030)
Constant 11.350063*** 12.092686***

(0.097) (0.203)
Controls YES YES
Observations 7,211 7,217
R-squared 0.965 0.919
County FE YES YES
Year FE YES YES

Notes:The table presented below displays the results of the exogenous check conducted on the instrumental
variable employed in the study, namely the precipitation in the previous year. The dependent variables in
this analysis are the measures of local economic development, specifically the Gross Domestic Product
(GDP) from the primary and secondary sectors within a county. The regression models include additional
control variables to account for potential confounding factors. Standard errors in parentheses. ***
p<0.01, ** p<0.05, * p<0.1
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Table A-6: Large-scale tree planting:First Stage OLS Estimates

Dependent Variables: Forestation area (sq.km) Forestation area (% of land area) Forestation area (mu) per Capita
(1) (2) (3) (4) (5) (6)

Precipitation in t-1 year 0.029*** 0.022*** 0.0007*** 0.0007*** 0.00004*** 0.00003**
(0.006) (0.006) (0.0002) (0.0002) (0.00001) (0.00001)

Population -0.142 0.037 -0.0009 -0.0099*** -0.00044** -0.00121***
(0.094) (0.033) (0.0032) (0.0011) (0.00022) (0.00008)

K-12 Students per Capita -21.684 -13.969 0.9819* 1.8418*** 0.00053 -0.17137***
(16.841) (15.834) (0.5792) (0.5200) (0.03924) (0.03672)

Loan Balance per Capita 0.000** 0.000 0.0000 0.0000 0.00000 -0.00000***
(0.000) (0.000) (0.0000) (0.0000) (0.00000) (0.00000)

Power of Ag. Machinery per Capita -1.268 4.481*** -0.0616* -0.1481*** 0.00298 0.00814***
(0.973) (0.778) (0.0335) (0.0256) (0.00227) (0.00181)

Hospital beds per Capita -667.098* -2,834.836*** -1.1886 -5.4743 -3.70397*** -2.33438***
(396.640) (301.444) (13.6412) (9.8996) (0.92411) (0.69897)

Relief degree of land surface 101.243*** -1.927** -0.7007 -0.1661*** 0.06512 -0.00366
(23.109) (0.963) (0.7948) (0.0316) (0.05384) (0.00223)

Precipitation 0.015** 0.008 0.0004* 0.0004** 0.00002 0.00001
(0.006) (0.006) (0.0002) (0.0002) (0.00001) (0.00001)

Land surface wind speed 3.836* -1.378 -0.1085 0.0848* 0.00008 0.00290
(2.263) (1.486) (0.0778) (0.0488) (0.00527) (0.00345)

Constant 26.483* 45.283*** 2.2860*** 2.4813*** 0.05989* 0.16977***
(14.325) (11.247) (0.4927) (0.3694) (0.03338) (0.02608)

Observations 6,599 6,599 6,597 6,597 6,599 6,599
R-squared 0.567 0.380 0.583 0.455 0.568 0.388
County FE YES No YES No YES No
Prefecture FE No YES No YES No YES
Year FE YES YES YES YES YES YES

Notes:This table presents first-stage OLS estimates of the instrument variable used in the study, the precipitation in the previous
year. The dependent variables are three measures of tree planting activities including the annual forestation area (sq.km),annual
forestation area (% of land area) and annual forestation area (mu) per Capita in a county. Odd columns are with county fixed effects,
and even columns are with prefecture-level city fixed effects. The prefecture-level city is a bigger division than a county in China;
a prefecture-level city usually consists of several counties. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table A-7: Economic Effect of Forestation area (sq.km) on GDP from the primary and secondary

sectors
Dependent Variables: Log GDP from the Primary Sector Log GDP from the Secondary Sector

OLS OLS IV IV OLS OLS IV IV
(1) (2) (3) (4) (5) (6) (7) (8)

Forestation area (sq.km) -0.00003 0.00038** -0.00057 -0.00859** -0.00022 0.00048 -0.00035 -0.03658***
(0.000) (0.000) (0.001) (0.004) (0.000) (0.000) (0.003) (0.012)

Population 0.00224*** 0.02834*** 0.00216* 0.02865*** 0.00336** 0.02926*** 0.00334*** 0.03049***
(0.001) (0.000) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002)

K-12 Students per Capita -1.01447*** -0.40432** -1.02551*** -0.52508* -0.72287*** 1.82203*** -0.72546** 1.32423*
(0.110) (0.193) (0.156) (0.308) (0.237) (0.376) (0.324) (0.742)

Loan Balance per Capita -0.00000*** -0.00000*** -0.00000*** -0.00000** 0.00000*** 0.00001*** 0.00000*** 0.00001**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Power of Ag. Machinery per Capita 0.06239*** 0.23975*** 0.06182*** 0.28043*** 0.05586*** -0.03882** 0.05573*** 0.12840**
(0.006) (0.010) (0.007) (0.023) (0.014) (0.019) (0.015) (0.065)

Hospital beds per Capita 0.98610 -78.95253*** 0.55657 -104.98634*** 8.17911 79.00235*** 8.07803 -28.35620
(2.580) (3.696) (2.798) (14.996) (5.579) (7.197) (6.507) (37.117)

Relief degree of land surface 0.00150 -0.12798*** -4.67548*** -0.14138*** -0.68653** -0.03821* -6.34363*** -0.09425***
(0.148) (0.012) (0.435) (0.020) (0.320) (0.023) (0.352) (0.034)

Precipitation 0.00005 -0.00014* 0.00006 -0.00007 0.00017** -0.00070*** 0.00017** -0.00035
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Land surface wind speed -0.05123*** -0.24930*** -0.04944*** -0.26457*** -0.01514 -0.15282*** -0.01473 -0.21646***
(0.015) (0.018) (0.016) (0.024) (0.032) (0.035) (0.033) (0.073)

Constant 11.48137*** 10.04337*** 15.01952*** 11.38308*** 12.35182*** 9.84419*** 16.91401*** 12.41652***
(0.090) (0.132) (0.478) (0.359) (0.195) (0.257) (0.340) (0.586)

Observations 6,588 6,588 6,588 6,588 6,594 6,594 6,594 6,594
R-squared 0.968 0.842 0.968 0.756 0.924 0.692 0.924 0.512
County FE YES No YES No YES No YES No
Prefecture FE No YES No YES No YES No YES
Year FE YES YES YES YES YES YES YES YES
First-stage F 28.5224 14.1447 28.0664 13.7292

Notes: This table provides the OLS and IV regression estimates derived from the primary estimating equation, aiming to assess the direct impact of large-scale tree planting
on the Gross Domestic Product (GDP) of both the primary and secondary sectors. The variable of interest in this analysis is the annual forestation area, measured in
square kilometers, within a given county. County fixed effects are incorporated in the odd-numbered columns, while prefecture-level city fixed effects are introduced in the
even-numbered columns. It is important to note that, within the Chinese administrative framework, a prefecture-level city represents a larger division encompassing multiple
counties. See Tables A-8, A-7, A-9 for details.Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A-8: Economic Effect of Forestation Area (% of land area) on GDP from the primary and

secondary sectors
Dependent Variables: Log GDP from the Primary Sector Log GDP from the Secondary Sector

OLS OLS IV IV OLS OLS IV IV
(1) (2) (3) (4) (5) (6) (7) (8)

Forestation area (% of land area) -0.009*** -0.017*** -0.027 -0.293** -0.014*** -0.031*** -0.015 -1.259***
(0.002) (0.005) (0.055) (0.138) (0.005) (0.009) (0.121) (0.442)

Population 0.002*** 0.028*** 0.002* 0.025*** 0.003** 0.029*** 0.003*** 0.017***
(0.001) (0.000) (0.001) (0.002) (0.001) (0.001) (0.001) (0.005)

K-12 Students per Capita -1.006*** -0.376* -0.987*** 0.135 -0.705*** 1.873*** -0.704** 4.149***
(0.110) (0.193) (0.156) (0.409) (0.237) (0.376) (0.331) (1.276)

Loan Balance per Capita -0.000*** -0.000*** -0.000*** -0.000*** 0.000*** 0.000*** 0.000*** 0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Power of Ag. Machinery per Capita 0.062*** 0.239*** 0.061*** 0.198*** 0.055*** -0.041** 0.055*** -0.222***
(0.006) (0.010) (0.008) (0.025) (0.014) (0.019) (0.016) (0.071)

Hospital beds per Capita 0.967 -80.173*** 0.894 -82.243*** 8.282 77.393*** 8.278 68.536***
(2.576) (3.668) (2.641) (7.251) (5.575) (7.142) (6.250) (15.723)

Relief degree of land surface -0.011 -0.131*** -4.653*** -0.174*** -0.720** -0.044* -6.329*** -0.233***
(0.148) (0.012) (0.427) (0.029) (0.320) (0.023) (0.304) (0.075)

Precipitation 0.000 -0.000* 0.000 -0.000 0.000** -0.001*** 0.000** -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Land surface wind speed -0.052*** -0.249*** -0.054*** -0.228*** -0.017 -0.151*** -0.018 -0.060
(0.015) (0.018) (0.017) (0.026) (0.032) (0.035) (0.035) (0.086)

Constant 11.504*** 10.115*** 15.002*** 11.686*** 12.380*** 9.959*** 16.901*** 13.714***
(0.090) (0.133) (0.468) (0.427) (0.195) (0.258) (0.280) (0.983)

Observations 6,588 6,588 6,588 6,588 6,594 6,594 6,594 6,594
R-squared 0.969 0.842 0.968 0.755 0.924 0.692 0.924 0.581
County FE YES No YES No YES No YES No
Prefecture FE No YES No YES No YES No YES
Year FE YES YES YES YES YES YES YES YES
First-stage F 10.5221 10.4423 9.90779 9.91162

Notes: This table displays the results of OLS and IV regression analyses, focusing on the direct effect of large-scale tree planting on GDP from the primary and secondary
sectors. The key independent variable of interest is the annual forestation area expressed as a percentage of land area. The odd-numbered columns present results with county
fixed effects, while the even-numbered columns include prefecture-level city fixed effects. In China, prefecture-level cities are larger administrative divisions that typically
encompass multiple counties. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A-9: Economic Effect of Forestation area (mu) per Capita on GDP from the primary and

secondary sectors
Dependent Variables: Log GDP from the Primary Sector Log GDP from the Secondary Sector

OLS OLS IV IV OLS OLS IV IV
(1) (2) (3) (4) (5) (6) (7) (8)

Forestation area (mu) per Capita -0.01037* -0.25159*** -0.07367 -1.73762*** -0.03015** -0.25323*** -0.05262 -4.33138***
(0.006) (0.014) (0.136) (0.541) (0.013) (0.022) (0.295) (1.289)

K-12 Students per Capita -1.05588*** -0.38226 -1.05146*** -2.03834** -0.78066*** 1.85059*** -0.77909** -2.69238
(0.109) (0.250) (0.156) (0.829) (0.236) (0.411) (0.321) (1.780)

Loan Balance per Capita -0.00000*** -0.00000*** -0.00000*** -0.00000*** 0.00000*** 0.00001*** 0.00000*** -0.00000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Power of Ag. Machinery per Capita 0.05884*** 0.12446*** 0.06041*** 0.25190*** 0.05106*** -0.15753*** 0.05162*** 0.19173
(0.006) (0.012) (0.008) (0.061) (0.014) (0.020) (0.016) (0.146)

Hospital beds per Capita 0.15335 -109.23230*** -1.28887 -120.54897*** 6.73575 47.50341*** 6.22360 16.52989
(2.579) (4.724) (4.067) (12.731) (5.574) (7.756) (8.910) (23.864)

Relief degree of land surface -0.15792 -0.28104*** -4.74616*** -0.24786*** -0.93516*** -0.19652*** -6.54642*** -0.10567**
(0.142) (0.015) (0.447) (0.026) (0.306) (0.024) (0.401) (0.046)

Precipitation 0.00005 -0.00037*** 0.00006 -0.00019 0.00017** -0.00093*** 0.00017** -0.00043
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Land surface wind speed -0.05329*** -0.36070*** -0.05342*** -0.29109*** -0.01883 -0.26825*** -0.01889 -0.07732
(0.015) (0.023) (0.016) (0.044) (0.032) (0.038) (0.032) (0.103)

Constant 11.69643*** 13.11087*** 15.17908*** 14.44531*** 12.67152*** 13.01489*** 17.21703*** 14.97275***
(0.069) (0.162) (0.460) (0.194) (0.149) (0.266) (0.195) (0.376)

Observations 6,588 6,588 6,588 6,588 6,594 6,594 6,594 6,594
R-squared 0.968 0.735 0.968 0.250 0.924 0.633 0.924 0.498
County FE YES No YES No YES No YES No
Prefecture FE No YES No YES No YES No YES
Year FE YES YES YES YES YES YES YES YES
First-stage F 21.931 12.4059 21.7520 12.2591

Notes: This table displays the results of OLS and IV regression estimates derived from the main estimating equation, examining the direct impact of large-scale tree planting
on the Gross Domestic Product (GDP) within the primary and secondary sectors. The variable of interest in this analysis is the annual forestation area per capita, measured in
mu, which is the standard unit of area used in China. It is important to note that 1 mu is equivalent to 1/15 hectare.The regression estimates presented in the table are organized
in a panel format, with odd-numbered columns representing estimates with county fixed effects and even-numbered columns incorporating prefecture-level city fixed effects.
In the Chinese administrative system, a prefecture-level city represents a larger division that typically encompasses several counties. This distinction is considered to capture
the hierarchical administrative structure and provide a comprehensive analysis of the data. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A-10: Ecological Effect of Plantation Forest Area on Agricultural

Production
Log Agricultural Production Log GDP Log GDP

Dependent Variables: Grain Cotton Oil Crops Meat (Primary) (Secondary)
(1) (2) (3) (4) (5) (6)

Forestation area (% of land area) in t-6 year × 80% 0.014*** -0.059* -0.001 -0.003 0.001 -0.004
(0.005) (0.031) (0.016) (0.006) (0.003) (0.006)

Population 0.002 -0.009 -0.006 0.006 0.009*** 0.008***
(0.002) (0.021) (0.014) (0.005) (0.001) (0.002)

County Area (sq.km) -0.000 -0.000 0.000 0.000 0.000*** 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Gov. Expenditure per Capita 0.000 0.000 0.000 -0.000** 0.000*** 0.000**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

K-12 Students per Capita -0.323 -3.727 -2.103 -0.819 -0.201 0.245
(0.307) (4.005) (1.564) (0.530) (0.154) (0.348)

Loan Balance per Capita -0.000*** 0.000 -0.000*** 0.000 -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Power of Ag. Machinery per Capita 0.060*** 0.596* 0.005 0.015 0.041*** 0.062***
(0.018) (0.354) (0.077) (0.026) (0.008) (0.019)

Precipitation 0.000*** -0.002*** -0.000 0.000*** 0.000*** 0.000***
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)

Land surface wind speed -0.089*** -0.018 -0.089**
(0.034) (0.017) (0.038)

Constant 11.699*** 8.794*** 8.570*** 9.362***10.659*** 11.253***
(0.123) (1.388) (0.607) (0.206) (0.068) (0.152)

Observations 2,820 465 1,411 1,496 4,002 3,995
R-squared 0.147 0.112 0.030 0.147 0.666 0.424
Number of counties 442 145 419 435 443 443
County FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Notes:This table displays the OLS regression estimates derived from the main estimating equation, aiming to examine the indirect
effect of large-scale tree planting on agricultural production and sectoral Gross Domestic Product (GDP). The analysis includes
various outputs such as grain, cotton, oil crops, and meat, as well as GDP from the primary and secondary sectors. The variable
of interest in this study is the forestation expressed as a percentage of the total land area, specifically from t-6 years, multiplied
by the average survival rate of planted trees. This measure serves as an indicator of mature plantation forests. Standard errors in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A-11: Ecological Effect of Plantation Forest Area on Agricultural

Production
Log Agricultural Production Log Log

Dependent Variables: Grain Cotton Oil Crops Meat Primary Secondary
(1) (2) (3) (4) (5) (6)

(Forestation Area (% of land area)t−6 × 80%)
× Hilly and Gully Area 0.008 -0.131 0.008 -0.009 -0.012*** -0.004

(0.006) (0.144) (0.020) (0.007) (0.004) (0.008)
× Plain Agricultural Area 0.050*** 0.613** -0.004 0.031** 0.036*** -0.016

(0.012) (0.275) (0.039) (0.013) (0.007) (0.016)
× Desert Area -0.010 -0.112 -0.031 0.025 0.024*** 0.020

(0.014) (0.470) (0.067) (0.023) (0.008) (0.018)
× Wind-blown Sand Area 0.007 -0.148 -0.042 -0.010 0.022*** -0.004

(0.012) (0.309) (0.043) (0.015) (0.008) (0.017)
Population 0.002 -0.022 -0.006 0.007 0.009*** 0.008***

(0.002) (0.101) (0.014) (0.005) (0.001) (0.002)
K-12 Students per Capita -0.075 -5.288 -2.149 -0.704 -0.069 0.205

(0.310) (11.044) (1.570) (0.531) (0.157) (0.352)
Loan Balance per Capita -0.000*** 0.000 -0.000*** 0.000 -0.000*** -0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Power of Ag. Machinery per Capita 0.060*** 0.753 0.006 0.018 0.042*** 0.063***

(0.018) (0.544) (0.077) (0.026) (0.008) (0.019)
Precipitation 0.000*** -0.003** -0.000 0.000*** 0.000*** 0.000***

(0.000) (0.002) (0.000) (0.000) (0.000) (0.000)
Land surface wind speed -0.091*** -0.019 -0.090**

(0.034) (0.017) (0.038)
Gov. Expenditure per Capita 0.000 0.000 -0.000** 0.000*** 0.000**

(0.000) (0.000) (0.000) (0.000) (0.000)
Constant 11.673*** -13.927*** 8.580*** 9.353*** 10.786*** 11.351***

(0.123) (4.208) (0.602) (0.202) (0.063) (0.141)
Observations 2,820 1,497 1,412 1,497 4,003 3,996
R-squared 0.154 0.036 0.031 0.152 0.666 0.424
Number of cntyid 442 435 419 435 443 443
County FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES

Notes:This table presents the OLS regression estimates from the main estimating equation of the indirect effect of large-scale tree
planting on agricultural production, including grain,cotton, oil crops and meat outputs, and GDP by sector (primary and secondary
sector) within different subregions. The variable of interest is the forestation (% of land area) in t-6 year times the average survival
rate of planted trees as the measure of mature plantation forests. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A-12: Ecological Effect of Plantation Forest Area in t-3 to t-10 years

on Grain Output
Dependent Variables:Log Grain Output

After 3 yrs 4 yrs 5 yrs 6 yrs 7 yrs 8 yrs 9 yrs 10 yrs
(1) (2) (3) (4) (5) (6) (7) (8)

Forestation area (% of land area) 0.005 0.010* 0.021*** 0.014*** 0.009** 0.015*** -0.006 0.003
(0.005) (0.005) (0.005) (0.005) (0.004) (0.005) (0.004) (0.005)

Population 0.001 0.001 0.001 0.002 -0.001 -0.000 0.007*** 0.007***
(0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.002) (0.002)

County Area (sq.km) -0.000* -0.000 -0.000 -0.000 0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Gov. Expenditure per Capita 0.000** 0.000 0.000 0.000 -0.000 0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

K-12 Students per Capita -0.514* -0.781*** -1.148*** -0.323 -0.402 -0.353 -0.319 0.611
(0.267) (0.267) (0.283) (0.307) (0.280) (0.316) (0.361) (0.499)

Loan Balance per Capita -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Power of Ag. Machinery per Capita 0.065*** 0.061*** 0.078*** 0.060*** 0.050*** 0.041*** 0.041*** 0.080***
(0.017) (0.013) (0.013) (0.018) (0.012) (0.014) (0.015) (0.028)

Precipitation 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Land surface wind speed -0.118*** -0.108*** -0.118*** -0.089*** -0.097*** -0.067* -0.164*** -0.209***
(0.033) (0.035) (0.036) (0.034) (0.033) (0.036) (0.040) (0.045)

Constant 11.786***11.866***11.741***11.699***11.885***12.011***12.015***11.814***
(0.109) (0.109) (0.112) (0.123) (0.149) (0.163) (0.191) (0.213)

Observations 4,042 3,637 3,227 2,820 2,423 2,001 1,613 1,309
R-squared 0.241 0.212 0.219 0.147 0.152 0.107 0.129 0.090
Number of counties 442 442 442 442 441 436 364 298
County FE YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES

Note: This table displays the OLS regression estimates derived from the main estimating equation, aiming to examine the indirect
effect of large-scale tree planting on agricultural production and sectoral Gross Domestic Product (GDP). The analysis includes
various outputs such as grain, cotton, oil crops, and meat, as well as GDP from the primary and secondary sectors. The variable
of interest in this study is the forestation expressed as a percentage of the total land area, specifically from t-6 years, multiplied
by the average survival rate of planted trees. This measure serves as an indicator of mature plantation forests. Standard errors in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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A.3 Supplemental Material: Essey 3

Table A-13: Studies Summary of the GfG Program
Increased Increased Increased

Authors Total Agricultural Off-Farm
Income Income Income

Uchida, Jintao Xu, and Rozelle (2005) Yes No Yes

X. Chen et al. (2009) Yes No Yes

Jintao Xu et al. (2010) No Yes Yes

Yao, Guo, and Huo (2010) Yes Mixed Yes

J. Li et al. (2011) Yes No No

Chunmei Wang and Maclaren (2012) No No No

W. Yang et al. (2013) Yes Yes Yes

Lin and Yao (2014) Yes Yes Yes

C. Song et al. (2014) Yes No Yes

Yin, C. Liu, et al. (2014) Yes No Yes

Zhen et al. (2014) Yes Yes Yes

Duan, Lang, and Wen (2015) Yes Yes Yes

Hua Li et al. (2015) NA No Yes

Chengchao Wang, Pang, and Hong (2017) Yes No Yes

Yin, H. Liu, et al. (2018) Yes Yes Yes

Sheng, Qiu, and S. Zhang (2019) NA NA Yes

X. Wu, S. Wang, Fu, Y. Zhao, and Wei (2019) NA No Yes

Xujun Hu et al. (2020) Yes NA NA

L. Wu and L. Jin (2020) No NA NA

Yu Yang et al. (2020) Yes No Yes

Lingchao Li et al. (2021) No No Yes

X. Wu, S. Wang, and Fu (2021) NA No Yes

Ying Wang et al. (2021) No No Yes

J. Peng et al. (2022) Yes NA NA

Notes: This table is adapted from B. Jin and H. Wang (2024).
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Table A-14: Baseline Regression Results

Log Total Income Log Total Expenditure
(1) (2) (3) (4)

GfG 0.077∗∗∗ 0.059∗∗∗ 0.069∗∗∗ 0.052∗∗∗
(0.015) (0.013) (0.016) (0.014)

Household Size 0.133∗∗∗ 0.120∗∗∗
(0.008) (0.007)

Year-end Cropland Area (mu) 0.011∗∗∗ 0.011∗∗∗
(0.002) (0.002)

Number of Land Plots 0.009∗∗∗ 0.010∗∗∗
(0.001) (0.001)

Productive Fixed Assets (RMB) 0.000∗∗∗ 0.000∗∗∗
(0.000) (0.000)

Fertilizer Purchased (kg) 0.000∗ 0.000∗
(0.000) (0.000)

Agricultural Diesel Purchased (kg) 0.000 0.000
(0.000) (0.000)

Pesticides Purchased (kg) 0.000∗∗∗ 0.000∗
(0.000) (0.000)

Age of Household Head -0.005∗∗∗ -0.005∗∗∗
(0.000) (0.000)

Squared Age of Household Head 0.000∗∗∗ 0.000∗∗∗
(0.000) (0.000)

Gender of Household Head -0.010 -0.010
(0.009) (0.008)

Years of Education of Household Head 0.018∗∗∗ 0.018∗∗∗
(0.006) (0.007)

Mean(Y) 47,338 47,338 35,266 35,266
Observations 38,297 38,297 38,297 38,297
R-squared 0.355 0.528 0.344 0.491
Year-Village FEs ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓
Controls ✓ ✓

Notes: This table presents baseline regression estimates of the impact of GfG participation on log-
transformed household income and expenditure. All dependent variables are log-transformed to allow
for interpretation in percentage terms. Standard errors are reported in parentheses and clustered at the
village level. Statistical significance is denoted as follows:* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A-15: GfG Program Effects on Land Use Change

Log Log Log
Forest Area Orchard Area Pasture Area

(1) (2) (3) (4) (5) (6)
GfG 0.907∗∗∗ 0.897∗∗∗ 0.170 0.153 0.108∗∗∗ 0.108∗∗∗

(0.117) (0.117) (0.107) (0.106) (0.037) (0.037)
Household Size 0.051∗∗∗ 0.074∗∗∗ -0.003

(0.012) (0.014) (0.003)
Year-end Cropland Area (mu) 0.002 -0.002 -0.000

(0.002) (0.004) (0.001)
Number of Land Plots 0.033∗∗∗ 0.051∗∗∗ 0.000

(0.006) (0.007) (0.001)
Productive Asset Value (RMB) 0.000 0.000 0.000∗∗

(0.000) (0.000) (0.000)
Fertilizer Purchased (kg) -0.000∗∗∗ 0.000 -0.000

(0.000) (0.000) (0.000)
Agricultural Diesel Purchased (kg) -0.000∗ 0.000∗∗ 0.000∗

(0.000) (0.000) (0.000)
Pesticides Purchased (kg) 0.000 0.000 -0.000

(0.000) (0.000) (0.000)
Age of Household Head 0.003∗ 0.001 0.001∗∗

(0.002) (0.002) (0.000)
Squared Age of Household Head -0.000∗ -0.000 -0.000∗∗∗

(0.000) (0.000) (0.000)
Gender of Household Head -0.046 -0.064 -0.012

(0.052) (0.062) (0.009)
Years of Education of Household Head 0.013∗∗ 0.013 0.001

(0.007) (0.015) (0.001)
Mean(Y) 4.53 4.53 0.65 0.65 0.27 0.27
Observations 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.794 0.795 0.679 0.682 0.629 0.630
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓ ✓
Controls ✓ ✓ ✓

Notes:This table presents baseline regression estimates of the impact of GfG participation on log-
transformed land use outcomes. Standard errors are reported in parentheses and clustered at the village
level.Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table A-16: Household Income Decomposition Results

Log Log Log Log Log Log
Farm Non-farm Local Non-local Gov’t Other

Income Business Inc. Wage Wage Subsidies Incomes
GfG 0.047∗∗ 0.046∗∗∗ -0.126 -0.146 0.042 0.008 -0.228 -0.309∗∗ 0.779∗∗∗ 0.787∗∗∗ 0.203 0.223∗

(0.018) (0.016) (0.146) (0.138) (0.147) (0.146) (0.153) (0.149) (0.053) (0.053) (0.130) (0.130)
Household Size 0.063∗∗∗ 0.295∗∗∗ 0.157∗∗∗ 0.725∗∗∗ 0.048∗∗∗ -0.104∗∗∗

(0.004) (0.032) (0.022) (0.043) (0.008) (0.021)
Year-end Cropland Area (mu) 0.020∗∗∗ -0.015∗∗∗ -0.001 -0.003 0.022∗∗∗ -0.016∗∗∗

(0.004) (0.004) (0.003) (0.003) (0.003) (0.005)
Number of Land Plots 0.044∗∗∗ -0.017∗ -0.001 0.021∗∗ 0.047∗∗∗ -0.048∗∗∗

(0.002) (0.010) (0.009) (0.010) (0.004) (0.009)
Productive Asset Value (RMB) 0.000 0.000∗∗∗ -0.000∗∗ -0.000 -0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Fertilizer Purchased (kg) 0.000 -0.000 0.000 -0.000∗∗∗ 0.000 -0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Agricultural Diesel Purchased (kg) 0.000 0.000 -0.000∗ -0.000 -0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Pesticides Purchased (kg) 0.000∗∗ -0.000 0.000∗∗∗ -0.000∗∗∗ 0.000 -0.000∗∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age of Household Head -0.000 -0.019∗∗∗ -0.030∗∗∗ -0.032∗∗∗ 0.005∗∗∗ 0.030∗∗∗

(0.000) (0.003) (0.003) (0.003) (0.001) (0.003)
Squared Age of Household Head 0.000 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender of Household Head -0.049 -0.089 -0.044 0.275 -0.075 0.134

(0.033) (0.072) (0.071) (0.170) (0.047) (0.088)
Years of Education of Household Head 0.010∗∗∗ 0.047∗∗ 0.035∗∗ 0.057∗∗∗ 0.002 -0.017∗∗

(0.003) (0.020) (0.015) (0.018) (0.004) (0.008)
Observations 36,971 36,971 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.499 0.619 0.338 0.416 0.243 0.256 0.239 0.295 0.496 0.510 0.412 0.419
Year-Village FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes: Standard errors are reported in parentheses and clustered at the village level. Statistical significance : * p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table A-17: Household Farm Income Decomposition Results (1)

Log Log Log Log Log
Income from Income from Income from Income from Income from

Wheat Rice Corn Soybean Cash Crop
GfG -0.436∗∗∗ -0.433∗∗∗ -0.132∗ -0.093 -0.223∗∗∗ -0.202∗∗∗ 0.494∗∗∗ 0.519∗∗∗ 0.285∗∗∗ 0.272∗∗∗

(0.065) (0.065) (0.076) (0.072) (0.070) (0.068) (0.071) (0.071) (0.031) (0.030)
Household Size 0.057∗∗∗ 0.066∗∗∗ 0.082∗∗∗ 0.051∗∗∗ 0.041∗∗∗

(0.009) (0.010) (0.012) (0.010) (0.006)
Year-end Cropland Area (mu) 0.010∗∗∗ 0.019∗∗∗ 0.044∗∗∗ 0.029∗∗∗ 0.007∗∗

(0.002) (0.004) (0.008) (0.005) (0.003)
Number of Land Plots 0.037∗∗∗ 0.181∗∗∗ 0.087∗∗∗ 0.059∗∗∗ 0.020∗∗∗

(0.004) (0.008) (0.007) (0.005) (0.002)
Productive Asset Value (RMB) -0.000 -0.000∗ -0.000∗∗ 0.000∗ -0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Fertilizer Purchased (kg) 0.000 -0.000 0.000 -0.000∗∗ 0.000∗∗∗

(0.000) (0.000) (0.000) (0.000) (0.000)
Agricultural Diesel Purchased (kg) -0.000∗ -0.000 -0.000∗ -0.000∗∗ 0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Pesticides Purchased (kg) 0.000 -0.000∗ 0.000 0.000 0.000∗

(0.000) (0.000) (0.000) (0.000) (0.000)
Age of Household Head 0.003∗∗ -0.004∗∗ 0.002 0.008∗∗∗ 0.000

(0.001) (0.001) (0.002) (0.001) (0.001)
Squared Age of Household Head -0.000∗∗ 0.000∗∗ -0.000 -0.000∗∗∗ -0.000∗∗∗

(0.000) (0.000) (0.000) (0.000) (0.000)
Gender of Household Head -0.133∗ -0.109 -0.002 -0.132∗∗∗ 0.005

(0.074) (0.067) (0.107) (0.035) (0.026)
Years of Education of Household Head -0.001 -0.000 0.002 -0.004 0.004∗∗∗

(0.003) (0.004) (0.005) (0.004) (0.002)
Observations 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 20,749 20,749
R-squared 0.823 0.825 0.749 0.770 0.734 0.748 0.527 0.537 0.598 0.633
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Notes: Standard errors are reported in parentheses and clustered at the village level. Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table A-18: Household Farm Income Decomposition Results (2)

Log Log Log Log
Income from Income from Income from Income from

Forestry Orchard Farming Livestock Farming Fishery
GfG 0.027 0.034 -0.025 -0.076 0.176∗ 0.176∗ -0.048 -0.047

(0.068) (0.068) (0.059) (0.057) (0.096) (0.094) (0.032) (0.032)
Household Size 0.033∗∗∗ 0.064∗∗∗ 0.160∗∗∗ 0.012∗∗

(0.007) (0.009) (0.017) (0.005)
Year-end Cropland Area (mu) -0.001 0.001 0.005 0.003

(0.001) (0.003) (0.005) (0.002)
Number of Land Plots 0.034∗∗∗ -0.004 0.131∗∗∗ 0.007∗

(0.004) (0.005) (0.008) (0.004)
Productive Asset Value (RMB) -0.000∗ 0.000∗∗∗ 0.000∗∗ 0.000∗∗

(0.000) (0.000) (0.000) (0.000)
Fertilizer Purchased (kg) -0.000∗∗ 0.000∗∗ -0.000 -0.000∗

(0.000) (0.000) (0.000) (0.000)
Agricultural Diesel Purchased (kg) 0.000 0.000 -0.000∗∗∗ -0.000∗∗

(0.000) (0.000) (0.000) (0.000)
Pesticides Purchased (kg) -0.000 0.000∗∗ 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
Age of Household Head 0.002∗∗ 0.024∗∗∗ 0.022∗∗∗ 0.000

(0.001) (0.004) (0.002) (0.001)
Squared Age of Household Head -0.000∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000

(0.000) (0.000) (0.000) (0.000)
Gender of Household Head -0.141∗ -0.154∗∗∗ -0.393∗∗ -0.068∗

(0.073) (0.045) (0.198) (0.036)
Years of Education of Household Head -0.003 0.005 -0.007 0.002

(0.003) (0.006) (0.006) (0.002)
Observations 38,297 38,297 6,093 6,093 38,297 38,297 38,297 38,297
R-squared 0.734 0.736 0.649 0.669 0.488 0.512 0.273 0.283
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Notes: Standard errors are reported in parentheses and clustered at the village level. Statistical significance is denoted as follows:
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table A-19: GfG Program Effects on Agricultural Land Allocation

Log Log Log Log Log
Planted Area of Planted Area of Planted Area of Planted Area of Planted Area of

Wheat Rice Corn Soybeans Cash Crops
GfG -0.725∗∗∗ -0.717∗∗∗ -0.205∗ -0.145 -0.366∗∗∗ -0.334∗∗∗ 0.731∗∗∗ 0.772∗∗∗ 0.334∗∗ 0.374∗∗∗

(0.109) (0.108) (0.118) (0.113) (0.109) (0.106) (0.121) (0.121) (0.131) (0.128)
Household Size 0.086∗∗∗ 0.092∗∗∗ 0.117∗∗∗ 0.090∗∗∗ 0.144∗∗∗

(0.015) (0.016) (0.018) (0.016) (0.028)
Year-end Cropland Area (mu) 0.015∗∗∗ 0.026∗∗∗ 0.064∗∗∗ 0.043∗∗∗ 0.042∗∗∗

(0.004) (0.006) (0.011) (0.007) (0.010)
Number of Land Plots 0.059∗∗∗ 0.270∗∗∗ 0.129∗∗∗ 0.112∗∗∗ 0.184∗∗∗

(0.007) (0.012) (0.010) (0.009) (0.012)
Productive Asset Value (RMB) -0.000 -0.000∗ -0.000∗∗ 0.000 -0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Fertilizer Purchased (kg) 0.000 -0.000 0.000 -0.000∗∗ 0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Agricultural Diesel Purchased (kg) -0.000 -0.000 -0.001∗ -0.000∗∗∗ 0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Pesticides Purchased (kg) 0.000 -0.000 0.000 0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000)
Age of Household Head 0.005∗∗ -0.005∗∗ 0.002 0.013∗∗∗ 0.018∗∗∗

(0.002) (0.002) (0.002) (0.002) (0.003)
Squared Age of Household Head -0.000∗∗∗ 0.000∗∗ -0.000 -0.000∗∗∗ -0.000∗∗∗

(0.000) (0.000) (0.000) (0.000) (0.000)
Gender of Household Head -0.222∗ -0.159 -0.007 -0.218∗∗∗ 0.014

(0.123) (0.100) (0.156) (0.056) (0.070)
Years of Education of Household Head -0.001 -0.002 -0.004 -0.007 0.013

(0.006) (0.006) (0.007) (0.007) (0.008)
Observations 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.813 0.816 0.746 0.766 0.739 0.751 0.521 0.531 0.604 0.623
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓

Notes: Standard errors are reported in parentheses and clustered at the village level. Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table A-20: GfG Program Effects on Agricultural Productivity

Log Log Log Log
Wheat Rice Corn Soybeans

Productivity Productivity Productivity Productivity
GfG 0.004 0.004 -0.001 -0.003 0.010 0.009 0.113∗∗∗ 0.105∗∗∗

(0.015) (0.015) (0.014) (0.014) (0.012) (0.012) (0.032) (0.032)
Household Size 0.000 0.004∗∗ -0.001 0.007

(0.002) (0.002) (0.002) (0.005)
Year-end Cropland Area (mu) -0.003 -0.001∗∗∗ -0.002∗∗∗ 0.001

(0.002) (0.000) (0.001) (0.001)
Number of Land Plots 0.001 -0.001∗ -0.001 -0.003

(0.002) (0.001) (0.001) (0.002)
Productive Asset Value (RMB) 0.000∗∗ 0.000 0.000∗∗ -0.000

(0.000) (0.000) (0.000) (0.000)
Fertilizer Purchased (kg) 0.000 0.000∗∗∗ 0.000∗∗∗ -0.000

(0.000) (0.000) (0.000) (0.000)
Agricultural Diesel Purchased (kg) 0.000 0.000 0.000 -0.000

(0.000) (0.000) (0.000) (0.000)
Pesticides Purchased (kg) -0.000 -0.000 0.000∗∗∗ -0.000

(0.000) (0.000) (0.000) (0.000)
Age of Household Head 0.001∗∗∗ -0.001∗ 0.001∗∗∗ -0.000

(0.000) (0.001) (0.000) (0.001)
Squared Age of Household Head -0.000∗∗∗ 0.000 -0.000∗∗∗ -0.000

(0.000) (0.000) (0.000) (0.000)
Gender of Household Head -0.004 -0.008 0.002 -0.076∗∗

(0.013) (0.014) (0.006) (0.034)
Years of Education of Household Head 0.003∗∗ -0.000 0.003∗∗ -0.004

(0.001) (0.001) (0.001) (0.003)
Observations 13,456 13,456 14,077 14,077 23,243 23,243 6,035 6,035
R-squared 0.598 0.600 0.402 0.405 0.416 0.419 0.435 0.439
Year-Village FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FEs ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Notes: Standard errors are reported in parentheses and clustered at the village level. Statistical significance is denoted as follows:
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table A-21: Household Expenditure Decomposition Results

Log Log Log Log Log Log
Operating Productive Asset Other Investment Tax Village Living

Expenditure Expenditure Expenditure Expenditure Fees Expenditure
GfG 0.047∗∗ 0.046∗∗∗ -0.126 -0.146 0.042 0.008 -0.228 -0.309∗∗ 0.779∗∗∗ 0.787∗∗∗ 0.203 0.223∗

(0.018) (0.016) (0.146) (0.138) (0.147) (0.146) (0.153) (0.149) (0.053) (0.053) (0.130) (0.130)
Household Size 0.063∗∗∗ 0.295∗∗∗ 0.157∗∗∗ 0.725∗∗∗ 0.048∗∗∗ -0.104∗∗∗

(0.004) (0.032) (0.022) (0.043) (0.008) (0.021)
Year-end Cropland Area (mu) 0.020∗∗∗ -0.015∗∗∗ -0.001 -0.003 0.022∗∗∗ -0.016∗∗∗

(0.004) (0.004) (0.003) (0.003) (0.003) (0.005)
Number of Land Plots 0.044∗∗∗ -0.017∗ -0.001 0.021∗∗ 0.047∗∗∗ -0.048∗∗∗

(0.002) (0.010) (0.009) (0.010) (0.004) (0.009)
Productive Asset Value (RMB) 0.000 0.000∗∗∗ -0.000∗∗ -0.000 -0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Fertilizer Purchased (kg) 0.000 -0.000 0.000 -0.000∗∗∗ 0.000 -0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Agricultural Diesel Purchased (kg) 0.000 0.000 -0.000∗ -0.000 -0.000 0.000

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Pesticides Purchased (kg) 0.000∗∗ -0.000 0.000∗∗∗ -0.000∗∗∗ 0.000 -0.000∗∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Age of Household Head -0.000 -0.019∗∗∗ -0.030∗∗∗ -0.032∗∗∗ 0.005∗∗∗ 0.030∗∗∗

(0.000) (0.003) (0.003) (0.003) (0.001) (0.003)
Squared Age of Household Head 0.000 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender of Household Head -0.049 -0.089 -0.044 0.275 -0.075 0.134

(0.033) (0.072) (0.071) (0.170) (0.047) (0.088)
Years of Education of Household Head 0.010∗∗∗ 0.047∗∗ 0.035∗∗ 0.057∗∗∗ 0.002 -0.017∗∗

(0.003) (0.020) (0.015) (0.018) (0.004) (0.008)
Observations 36,971 36,971 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.499 0.619 0.338 0.416 0.243 0.256 0.239 0.295 0.496 0.510 0.412 0.419
Year-Village FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes: Standard errors are reported in parentheses and clustered at the village level. Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table A-22: Household Living Expenditure Decomposition Results

Log Log Log Log Log Log
Staple Food Non-staple Food Clothing Housing Fuel Medical Expenses
Expenditure Expenditure Expenditure Expenditure Expenditure Expenditure

GfG 0.047∗∗ 0.046∗∗∗ -0.126 -0.146 0.042 0.008 -0.228 -0.309∗∗ 0.779∗∗∗ 0.787∗∗∗ 0.203 0.223∗
(0.018) (0.016) (0.146) (0.138) (0.147) (0.146) (0.153) (0.149) (0.053) (0.053) (0.130) (0.130)

Household Size 0.063∗∗∗ 0.295∗∗∗ 0.157∗∗∗ 0.725∗∗∗ 0.048∗∗∗ -0.104∗∗∗
(0.004) (0.032) (0.022) (0.043) (0.008) (0.021)

Year-end Cropland Area (mu) 0.020∗∗∗ -0.015∗∗∗ -0.001 -0.003 0.022∗∗∗ -0.016∗∗∗
(0.004) (0.004) (0.003) (0.003) (0.003) (0.005)

Number of Land Plots 0.044∗∗∗ -0.017∗ -0.001 0.021∗∗ 0.047∗∗∗ -0.048∗∗∗
(0.002) (0.010) (0.009) (0.010) (0.004) (0.009)

Productive Asset Value (RMB) 0.000 0.000∗∗∗ -0.000∗∗ -0.000 -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Fertilizer Purchased (kg) 0.000 -0.000 0.000 -0.000∗∗∗ 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Agricultural Diesel Purchased (kg) 0.000 0.000 -0.000∗ -0.000 -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Pesticides Purchased (kg) 0.000∗∗ -0.000 0.000∗∗∗ -0.000∗∗∗ 0.000 -0.000∗∗
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Age of Household Head -0.000 -0.019∗∗∗ -0.030∗∗∗ -0.032∗∗∗ 0.005∗∗∗ 0.030∗∗∗
(0.000) (0.003) (0.003) (0.003) (0.001) (0.003)

Squared Age of Household Head 0.000 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Gender of Household Head -0.049 -0.089 -0.044 0.275 -0.075 0.134
(0.033) (0.072) (0.071) (0.170) (0.047) (0.088)

Years of Education of Household Head 0.010∗∗∗ 0.047∗∗ 0.035∗∗ 0.057∗∗∗ 0.002 -0.017∗∗
(0.003) (0.020) (0.015) (0.018) (0.004) (0.008)

Observations 36,971 36,971 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297 38,297
R-squared 0.499 0.619 0.338 0.416 0.243 0.256 0.239 0.295 0.496 0.510 0.412 0.419
Year-Village FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Household Type FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes: Standard errors are reported in parentheses and clustered at the village level. Statistical significance is denoted as follows: * p < 0.10, ** p < 0.05, and *** p < 0.01.
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(a) Event Study on Non-Farm Income (b) Event Study on Local Wage Income)

(c) Event Study on Non-local Wage Income (d) Event Study on Other Sources)

Figure A-1: Effects of GFG Program on the Other Income Sources from
Income Decompositions Before and After Participation



193

(a) Event Study on Production
Expenditure

(b) Event Study on Management
Expenditure

(c) Event Study on Tax Expenditure

Figure A-2: Effects of GFG Program on Production, Management, and Tax
Expenditures Before and After Participation
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(a) Event Study on Staple
Food Expenditure

(b) Event Study on
Non-Staple Food

Expenditure

(c) Event Study on Clothing
Expenditure

(d) Event Study on Housing
Expenditure

(e) Event Study on Fuel
Expenditure

(f) Event Study on Medical
Expenses

Figure A-3: Effects of GFG Program on Household Expenditures Before and
After Participation
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